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ABSTRACT
Proteins adopt three-dimensional structures which serve as a starting point to understand
protein function and their evolutionary ancestry. It is unclear how proteins fold in vivo and
how this process can be recreated in silico in order to predict protein structure from se-
quence. Contact maps are a possibility to describe whether two residues are in spatial
proximity and structures can be derived from this simplified representation. Coevolution or
supervised machine learning techniques can compute contact maps from sequence: how-
ever, these approaches only predict sparse subsets of the actual contact map. It is shown
that the composition of these subsets substantially influences the achievable reconstruction
quality because most information in a contact map is redundant. No strategy was proposed
which identifies unique contacts for which no redundant backup exists.
The StructureDistiller algorithm quantifies the structural relevance of individual contacts
and identifies crucial contacts in protein structures. It is demonstrated that using this infor-
mation the reconstruction performance on a sparse subset of a contact map is increased
by 0.4 Å, which constitutes a substantial performance gain. The set of the most relevant
contacts in a map is also more resilient to false positively predicted contacts: up to 6% of
false positives are compensated before reconstruction quality matches a naive selection of
contacts without any false positive contacts. This information is invaluable for the training
to new structure prediction methods and provides insights into how robustness and infor-
mation content of contact maps can be improved.
In literature, the relevance of two types of residues for in vivo folding has been described.
Early folding residues initiate the folding process, whereas highly stable residues prevent
spontaneous unfolding events. The structural relevance score proposed by this thesis is
employed to characterize both types of residues. Early folding residues form pivotal sec-
ondary structure elements, but their structural relevance is average. In contrast, highly sta-
ble residues exhibit significantly increased structural relevance. This implies that residues
crucial for the folding process are not relevant for structural integrity and vice versa. The
position of early folding residues is preserved over the course of evolution as demonstrated
for two ancient regions shared by all aminoacyl-tRNA synthetases. One arrangement of
folding initiation sites resembles an ancient and widely distributed structural packing mo-
tif and captures how reverberations of the earliest periods of life can still be observed in
contemporary protein structures.
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1.1. MOTIVATION
Proteins Are Ambivalent Protagonists Nature fascinates by a seemingly effortless el-
egance of its processes as well as solutions to problems believed unsolvable. Especially
proteins make a case for this statement as they are entities involved in virtually all aspects
of life. They may even be referred to as the essence of life. Proteins are chains of only 20
distinct amino acids, yet they implement the astonishing diversity of phenotypes which life
encompasses. Proteins adopt three-dimensional structures which seem fragile yet prove
reliable whenever needed. The implementation of some functions such as protein biosyn-
thesis did not change drastically since the emergence of life, yet organisms can develop
resistance to antibiotics synthesized only decades ago. Conservatism and progressivism
seem carefully balanced in the evolutionary process. Interestingly, well-adapted species
with large population sizes have little incentive to risk their position and evolve slowly. In
contrast, small populations which battle for their existence will fixate genetic change more
easily and may evolve strategies to cope with harsh conditions [3]. Whether a species prop-
ers or is decimated is a story ultimately told by their respective set of proteins.
Protein Function Matters the Most A gene encodes the amino acid sequence which will
constitute a specific protein. In a process called protein folding, this chain of amino acids
adopts a three-dimensional structure. Ultimately, this structure can implement functions
such as an enzymatic reaction or the propagation of molecules or signals. Over the course
of evolution, the function of specific proteins was changed, reshaped, or refined. For this
to happen, the underlying gene has to change, because only at this level variation can man-
ifest and be passed down to ancestors. What truly matters is this function of a protein
(Figure 1.1). It is of subordinate importance which structure harbors this function and what
sequence encodes that structure. The primary requirement is that the function is intact, re-
gardless of the means used to achieve this goal. This is referred to as “functionalist princi-
ple” and implies that function is evolutionarily more conserved than structure, which in turn
is more conserved than sequence [4]. Still, protein sequence, structure, and function are
strongly entangled.
Figure 1.1.: Evolutionary Pressure Acting on Proteins
An amino acid sequence describes the composition of a protein. During protein folding, this
chain of residues folds into a three-dimensional structure. This defined structure usually pro-
vides the scaffold to implement function (such as an enzymatic reaction, here the example of
a catalase degrading hydrogen peroxide). Evolutionary change can only manifest at sequence
level. According to the functionalist principle, the primary evolutionary pressure acts on protein
function. To a lesser degree, foldable sequences which will fold reliably are selected as well.
This implies that function is more conserved than structure, which in turn is more conserved
than sequence.
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Reductionism Can Be Observed in Nature Proteins are highly complex entities which
consist of thousands of atoms. In some cases, slight disturbance of their relative arrange-
ment can lead to diseases such as Alzheimer’s, Parkinson’s, or amyotrophic lateral sclerosis.
The number of possibilities to arrange atoms in the three-dimensional space is incompre-
hensible. The same is true for the possible combinations of amino acids which may con-
stitute a protein. However, the amount of sequences and structures ascertained over the
course of evolution is surprisingly small [5]. A limited set of sequences and structures can
implement virtually unlimited function which can e.g. be observed in antibodies, a group of
proteins which recognize and bind other molecules. Oftentimes, protein function is realized
by a handful of residues. Aspartate, histidine, and serine form the catalytic triad in some
proteases. Two residues bind the ATP ligand in aminoacyl-tRNA synthetases. It is not the
arrangement of all thousands of atoms that matters, but rather the arrangement of residues
in a spatially limited active site. The rest of the protein ensures the correct orientation of this
binding site and may modulate its properties such as the affinity for some ligands. The over-
whelming complexity of protein structures can be reduced. If protein function can be broken
down to a small number of residues, the same may be true for the structure of proteins.
Occasionally, key residues for structural integrity (e.g. residues which prevent misfolding)
are identified in protein structures. However, such results cannot be directly compared to
the findings of other studies as their annotation is context-specific. Similar reductionism
can be observed in nature as sequences, structures, and functional mechanisms tend to
reoccur. Established strategies are reused rather than reinvented. Scientists use reduc-
tionistic approaches as well to describe protein structures: contact maps, residue graphs,
coarse-grained energy models, or structural motifs. Only by understanding the functional
and structural building blocks of nature (Figure 1.2) it is possible to improve the classifica-
tion of novel protein sequence as well as structure prediction [6, 7].
Figure 1.2.: Functional and Structural Reductionism in Proteins
Proteins are chains of covalently bound amino acids (shown here as circles). Its N- and C-termini
are given. Some residues implement protein function (orange), a set of different residues tends
to fold early during protein folding and may be of importance for the structural integrity (blue). A
large number of residues has no direct influence on either aspect. Interestingly, crucial aspects
of proteins are commonly realized by a small number of key residues. Covalent bonds impose
strong constraints on the spatial location of both neighbors of a residue. Non-covalent contacts
can be formed freely between distant residues (so-called tertiary contacts). It is unclear what
causes a non-covalent contact to form in a protein structure, while other possibilities are not
realized.
On the Relation of Function and Structure It is unclear what causes a certain sequence
to adopt a defined fold. Even seemingly unrelated sequences may result in a similar fold [5].
Proteins occur within the crowded environment of a cell and are influenced by factors such
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as physiological conditions, ligands, and chaperones. For a long time, scientists have been
trying to establish a theory of everything [3] which relates the enigmatic and contradictory
aspects of proteins. This thesis cannot provide that. However, to converge further on the
problem the structural and functional importance of particular residues in protein structures
is discussed. Thanks to new experimental data, this connection can be analyzed for the
first time. A standardized set of folding initiation sites (so-called early folding residues)
has been published in 2016 and provides general data on folding characteristics of a diverse
set of proteins [8]. This dataset also contains information on highly stable residues which
prevent spontaneous unfolding of proteins. The scientific community has not yet analyzed
this promising resource thoroughly.
Early folding residues may be a valuable resource to understand the folding process in
more detail as they provide information on folding intermediates. The sequence resembles
the starting point of the process while the native structure is the end point; what happens
during protein folding is enigmatic. The inner workings of protein folding are assumed to
be essential to understand the process [9, 10, 11]. Other authors argue that such special
aspects can only be correctly interpreted if protein folding in general was understood [12].
1.2. AIM
Considering the previous statements, the objective of this thesis is to:
Characterize the relevance of early folding residues in protein structures
Aim
The exact importance of early folding residues for the folding process is unclear: is the
observed signal the mere consequence of undirected physical chemistry or will early fold-
ing residues exhibit distinct properties in the folded structure as well? In previous stud-
ies [13], early folding residues have been shown to preferably occur in the hydrophobic
core of proteins, embedded in ordered secondary structure elements. Furthermore, early
folding residues tend to be the most connected residues in the native structure. While this
analysis is a first assessment, a more detailed investigation with more specialized features
is still pending. Especially an analysis to other key residues in proteins structures (such as
those implementing function) may provide new insights into the connection of sequence,
structure, and function. Knowledge of early folding residues and highly stable residues can
advance structure prediction routines. Intuitively, there should be some equivalence be-
tween in vivo and in silico folding (Figure 1.3). A contact map is a reduced representation of
a protein that captures which residues are in spatial proximity. Contact maps are integral for
state-of-the-art structure prediction techniques and may also give insights into the problem
of protein folding when related to experimentally determined folding characteristics as pro-
vided by early folding residues and highly stable residues. Commonly, protein structures are
computed from contact map representation. Yet, they are little understood, especially when
it comes to the most influential contacts. Which contacts must be known to yield good
structure predictions? Which contacts provide the most information, so that the number of
known contacts can be minimized [14, 15]? Most crucially contact maps are sensitive to
false positive predictions (i.e. contacts not actually present in the native structure) [16, 17].
A strategy is necessary to interpret contact maps in detail to answer the previous questions.
How to identify structurally relevant residue contacts in a contact map?
Open Question I
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Figure 1.3.: Relation of In Vivo Protein Folding and In Silico Structure Prediction
The connection of protein sequence and structure remains elusive. In vivo, proteins fold into
their native structure, in silico structure prediction methods aim at recreating this process by
simulations and predict the structure that a particular sequence will adopt. Contact maps are
potent tools relevant for both processes. A contact map (the central element in pyramid shape)
captures which residues are in spatial proximity (indicated by a square); the majority of a contact
map is empty because residues are only in spatial proximity to a small number of other residues.
Regarding in vivo protein folding, contact maps can be used to assess the role of residues
with special folding characteristics such as early folding residues and highly stable residues.
Furthermore, contact maps may help understanding what the “structural essence” of a protein
is: the minimal set of contacts which captures its structure. This thesis will address these
questions although a more fine-grained interpretation of contact maps has to be devised to
achieve this goal.
Contact maps can be used to create all-atom reconstructions which resemble the native
structure of a protein. A fine-grained interpretation of a contact map can be achieved by
quantifying the improvement of this reconstruction when a particular contact is known.
Throughout the thesis, the term “structural relevance” will be used to refer to the perfor-
mance gain constituted by the knowledge of a particular contact. It is difficult to assess the
structural relevance of individual contacts, because every individual contact depends on all
other contacts of a protein structure. The major challenge is the combinatorial complexity:
if as little as 50 contacts are present in a small protein structure, the number of combina-
tions to assess (50!) would have 65 decimal digits. Some simplifying strategy has to be
devised to disentangle individual contacts from the rest of the protein while attributing to
its context-specificity. It should be possible to propose a strategy which can quantify the
structural relevance of individual residues and residue-residue contacts in protein structures.
Early folding residues indicate that protein folding is deterministic in that the same residues
initiate the folding process and that the order in which certain structural elements are estab-
lished does not vary when the protein folding process is observed multiple times [18, 12,
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19]. Also, early folding residues have been related to sequence fragments which exhibit a
rigid backbone [20] and therefore have an increased propensity to form ordered secondary
structure elements [13, 11]. It is unclear which intramolecular interactions are the most
important ones during protein folding. Prominent candidates are hydrogen bonds, which
are primarily observed in the internal stabilization of secondary structure elements, and hy-
drophobic interactions, which often furnish tertiary contacts (i.e. more than five positions
apart at sequence level) between secondary structure elements [21]. Knowledge of the
most relevant contacts in a protein structure may advance structure prediction techniques
by increasing the performance on sparse or erroneous data. In general, a new strategy
to identify the most relevant contacts would also make the information present in contact
maps more tangible: for now the influence of individual contacts cannot be quantified and
analyzed.
Residues important for the folding process have also been described to be non-functional
residues [22]. Modularity is commonly observed in nature [23, 24]. It may be advantageous
if function and structure are separated in proteins, so that function (e.g. the ligand recognized
by a binding site) can change without compromising the fold of a protein. To investigate
this question in detail, the evolutionary history of a diverse protein superfamily has to be
studied. Aminoacyl-tRNA synthetases are present in all organisms and are some of most
ancient proteins, potentially dating back 4 billion years. Therefore, they are prime candidates
to study their evolutionary history and relate early folding residues and functional residues
in these structures.
How are early folding residues affected by evolution?
Open Question II
In literature, functional residues are often highly conserved positions because only a narrow
set of amino acids can realize most functions [25]. Folding initiation sites tend to be more
conserved than other residues too [22]. No study describes how early folding residues are
conserved in a diverse set of proteins due to sparseness of the required data. However, a
predictor for early folding residues has been published [11] which can be used to approach
the relation of structurally and functionally relevant residues. In particular, an open ques-
tion is how folding initiation sites are conserved over the course of evolution. Does their
position change for homologues? Are they more conserved than functional residues? This
knowledge is e.g. required to understand how virus proteins escape recognition by immune
systems [26].
1.3. OUTLINE
Background In Chapter 2, folding theories and underlying experimental techniques are
presented. In this context, evolutionary aspects of proteins are discussed. Chapter 3 pro-
vides details on contact maps as simplified representations of protein structure and their
relevance for structure prediction methods.
Results and Discussion Structurally and functionally relevant residues were assessed in
terms of the relevance for structural integrity in Chapter 4 by the StructureDistiller algorithm.
In Chapter 5 the direct relation of structurally and functionally relevant residues is studied. A
detailed analysis on aminoacyl-tRNA synthetases substantiates these findings. A machine
learning algorithm was implemented and applied on the problem of early folding residues in
Chapter 6. Chapter 7 presents background on aminoacyl-tRNA synthetases and assesses
whether early folding residues are evolutionarily conserved. The conclusion in Chapter 8
will revisit the questions put forward here.
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2. THE PROTEIN FOLDING PROBLEM
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In the process of protein folding (Figure 2.1), a denatured protein chain without structure (D)
adopts a defined, native conformation (N). This native state allows most proteins to fulfill
their function and thus to be biologically relevant. Native structures are publicly available
in the protein data bank (PDB). The denatured state exhibits high free energy and entropy,
whereas the native conformation is one of low free energy and high order [27, 28, 18]. The
transition state (‡) is located between both states and acts as an energetic barrier [27, 28]:
D  ‡  N (2.1)
The transient nature of the transition state hinders the initial formation of the native con-
formation, but also limits spontaneous unfolding [27, 28]. The unfavorable parameters of
the transition state may be the consequence of an exposure of many hydrophobic residues
to the solvent, which provides an additional incentive to progress toward the native confor-
mation [29]. The difference in free energy achieved by protein folding is relatively small. In
consequence, the conformation must realize all potential, favorable interactions as seen e.g.
in hydrogen bonds. It is remarkable that most proteins fold autonomously because finding a
solution to this problem is difficult [27]. Proteins feature a hydrophobic core where residues
are excluded from the surrounding solvent and are stabilized e.g. by tertiary contacts (i.e.
residues which are more than five positions apart at sequence level).
Figure 2.1.: The Process of Protein Folding
Protein folding [27, 28] describes the process in which an unfolded protein chain (left) adopts
its corresponding native conformation (right). A change from high entropy and high energy to
low entropy and low energy can be observed. Usually, the native structure allows a protein
to be biologically active. Remarkably, most proteins can fold autonomously. How so is little
understood.
The folding of proteins cannot be reliably modeled or described in silico. This is the result
of the limited understanding for the process of protein folding in general. Anfinsen et al.
demonstrated that proteins can fold autonomously [30]. Later, Levinthal argued that there
must be some order to the process. A completely random sampling of all possible confor-
mations of a protein chain would require unfeasibly large time [31]. It is evident that protein
folding is an optimization problem: find the most stable spatial arrangement of all atoms
for a given protein sequence. This problem seems to be solved by finding the solution
to partial optimization problems for fragments and assembling these fragments to yield the
global structure while limiting the degrees of freedom [27]. This implies that kinetic rather
than stability determines protein folding. Proteins find a good solution fast, but the global
optimum may only be found by a more exhaustive search [32]. Zwanzig et al. showed that
single contacts cannot reliably stabilize proteins, so there has to be a complex network of
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interactions present to formate the native conformation [33]. Commonly, it is assumed that
native structures exhibit low free energy (Figure 2.2), although there are cases where non-
native conformations such as protein aggregates feature even lower free energy. Small pro-
teins tend to fold fast in a so-called two-state manner, wherein folding intermediates exist
but do not accumulate significantly (as described by the first equation). Two-state folding is
attributed to small, fast folding proteins with simple or single domain architecture [34].
Figure 2.2.: Proteins Strive for Low Energy
Unfolded proteins and folding intermediates exhibit states of relatively high free energy,
whereas the native conformation resembles low energy states. Most proteins fold au-
tonomously, while some depend on chaperones to fold correctly. Chaperones can also help
preserving the native conformation of proteins or prevent the aggregation of misfolded pro-
teins (wells of the energy landscape colored in red) [1].
2.1. STABILIZING NON-COVALENT CONTACTS IN PROTEIN
STRUCTURES
Various types of contacts stabilize macromolecules or interactions between them. Under-
standing these interactions is the key to converge on the protein folding problem [35]. Sim-
ilar interactions occur between a protein and potential ligands [36, 37]. Interestingly, these
interactions are also a key aspect when differences of meso- and thermostable proteins
are studied [38, 39]. An established tool for the detection of both intra- and intermolec-
ular non-covalent contacts is the protein-ligand interaction profiler (PLIP) [37]. Especially,
PLIP supports the fine-grained detection of various interaction types. The PLIP program
was used for the annotation of such interactions due to direct support by the developers.
To my knowledge it is the only tool which handles inter- and intramolecular contacts and
provided consistent behavior for this thesis as both aspects were used on various occa-
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sions. The physicochemical properties of amino acids determine which contact types they
can participate in (Figure 2.3).
Figure 2.3.: The 20 Canonical Amino Acids
Amino acids are colored by the grouping of Gutteridge et al. [25]: a subset of amino acids is
catalytically active because their side chain includes polar groups. Amino acids on the left are
more likely structurally relevant or modulate characteristics of the binding site. The physico-
chemical properties also determine which contacts an amino acid can participate in. Figure
adapted from [2].
Hydrogen Bonds Hydrogen bonds [40] are well-known for their role regarding the initia-
tion and stabilization of secondary structure elements. These interactions occur between
backbone atoms of the corresponding residues. However, especially at the start and end
points of ordered secondary structure elements, this hydrogen bond pattern is not present
so that backbone hydrogen bonds can be formed freely to other residues [27]. Some amino
acids such as threonine or serine can form hydrogen bonds via their side chain atoms [41].
Moreover, simplistic models [42, 43] suggest that the protein fold ought to be written in the
side chains of the corresponding amino acids because the potential to form backbone hydro-
gen bonds is given at all sequence positions: all amino acids can form hydrogen bonds fur-
nished by their backbone atoms [27]. Hydrogen bonds are considered the most important di-
rected, non-covalent interaction in macromolecules [44]. They are formed between a donor
group with a partial positive charge at its hydrogen atom and acceptor group with high elec-
tron density [45]. The energetic contribution of hydrogen bonds is context-dependent [41]
and it is argued that the unpolar environment in the hydrophobic core of a protein makes
hydrogen bonding even more favorable [46, 47]. This also implies that in silico modeling of
helices may benefit from a dedicated representation tailored for polar environment and one
for hydrophobic environment, i.e. the interior of a protein or a cell membrane [48, 49]. Po-
tentially the propensity to form helix-helix interactions changes drastically. Weak hydrogen
bonds (C–H· · ·O) contribute to a lesser degree to protein stability [44], with their exact im-
portance for protein folding still being discussed [50, 51, 45, 44]. The formation of hydrogen
bonds (and thereby, the folding of a protein) can be prevented by GuHCl [41, 27].
Hydrophobic Interactions Amino acids are considered aliphatic when their side chain
features only carbon atoms (ignoring hydrogen atoms). This encompasses alanine, valine,
isoleucine, and leucine. Commonly, glycine is also considered aliphatic as its side chain is
a hydrogen atom. The larger the corresponding side chain of an aliphatic amino acid, the
higher is its hydrophobicity. Valine, isoleucine, and leucine contribute to the formation of the
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hydrophobic core and play a substantial role in stabilizing protein structures [52, 53]. This
positive effect is attributed to the reduction of the exposed area of hydrophobic side chains
to the polar solvent [54]. Hydrophobic interactions are linked to a potential hydrophobic
collapse during protein folding. How the hydrophobic core of a protein is established is
still in debate [55, 27]. There are cases where the hydrophobic collapse to a molten globule
precedes the formation of secondary structure elements [56]. Some of the earliest in silico
folding models [57, 58, 21] yielded remarkable results by only considering the hydrophobicity
of residues.
Aromatic Interactions The importance of aromatic interactions for the stabilization of
proteins is well-known [59]. The aromatic amino acids phenylalanine, tyrosine, and tryp-
tophan are usually buried, i.e. they are isolated from the polar solvent and are embedded
in the hydrophobic environment of the protein core. These aromatic amino acids share an
increased propensity to be occurring together and to form interaction networks of more
than two residues. π-stacking interactions in proteins predominantly occur in a perpen-
dicular orientation; this opposes the parallel orientation observed in deoxyribonucleic acid
(DNA) or ribonucleic acid (RNA). Aromatic interactions result from attractions of delocalized
π-electrons [59]. When histidine is not charged, it forms π-interactions due to its latent aro-
matic nature and contributes favorably to protein stability [60]. Both hydrophobic and aro-
matic amino acids have been linked to ordered secondary structure elements [20, 8]. These
ordered secondary structure elements seem to be evolutionary conserved [11].
π-Cation Interactions Cationic side chains of lysine or arginine interact favorably with
aromatic rings. The positive charge attracts the excess of delocalized electrons above or
below aromatic rings and this interaction stabilizes proteins as well as protein-protein in-
terfaces [61, 62, 63]. If histidine residues are positively charged, they can participate in
π-cation interactions as cation [60].
Salt Bridges Salt bridges are furnished by residues in spatial proximity which exhibit com-
plementary charges. Thereby, they encounter an attractive force like that between ions in
salt [64]. It has been shown that the introduction of salt bridges increases the thermosta-
bility of proteins [65] and they have been linked to increased thermostability of particular
proteins [38, 39]. When charged groups are buried in the hydrophobic core of a protein, the
structure tends to be destabilized. However, salt bridges in a hydrophobic environment are
not strictly unfavorable but may also implement specificity to encode the proper fold of a
protein [66] because they provide an incentive for defined, charged residues to interact.
2.2. FOLDING THEORIES
Ever since the first crystal structure of a protein [67] has been published, scientists try
to understand how proteins adopt a defined three-dimensional structure [27]. Pauling et
al. proposed prior that there have to be regular, stabilizing elements (such as α-helices),
though when protein structures were elucidated, the arrangement of these stabilizing el-
ements were found to be surprisingly irregular [68, 69]. Several questions have been put
forward which remain to be answered. Alternative folding pathways have been described
for homologous proteins [70]. It is an open question if a general folding pattern can be de-
rived which is relevant for all proteins [71]. Also, there is dispute about which aspects of
protein folding are stochastic and which are deterministic [18, 72]. How is the hydropho-
bic core of a protein established [55, 27]? There are cases where the hydrophobic collapse
to a molten globule precedes the formation of secondary structure elements [56]. Several
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folding theories have been published which partially preclude or complement one another.
However, no consensus has been achieved [73, 74, 12]. Most theories are directly linked
to experimental data obtained for specific protein structures. If there is no general folding
mechanism, the presented theories may be equally valid, though they may be applicable
only to specific proteins.
Figure 2.4.: Comparison of Folding Theories
Graphical depiction of folding theories. (A) Incipient microdomains can be formed quickly due
to their limited size and will diffuse and collide into the native conformation [75]. (B) A folding
nucleus is established which forms transient contacts to other protein parts which are still
unstructured [76]. (C) A deterministic, stepwise assembly of autonomous folding units guides
folding [19]. (D) Within a set of near-native structures the final conformation is searched [77].
Diffusion-Collision Model The diffusion-collision model (Figure 2.4A) proposes that pro-
teins are composed of microdomains for which the correct (partial) conformation can be
searched exhaustively [78]. These microdomains are not stable (because of their small
size [75]), but rather will diffuse and collide, assembling into the stable, native conforma-
tion [78]. Incipient secondary structure elements have been identified as microdomains in
myoglobin. They need to be partially established before their relative assembly can begin
which is ultimately stabilized by hydrophobic interactions [79]. In other cases, the mere
correct orientation of chain fragments or the assembly of hydrophobic clusters may suf-
fice. This may relate to a hydrophobic collapse and a subsequent molten globule state. In
agreement with other theories, folding does not depend on individual residues but is rather
the consequence of the properties of microdomains (i.e. their sequence composition) and
interactions between them [75]. Especially for helix bundles, consolidation of the structure
was found to follow a hierarchic variant of the diffusion-collision model [80, 27].
Nucleation-Condensation Mechanism The nucleation-condensation mechanism is based
on the (partial) formation of one particular folding nucleus (such as an α-helix) during the
transition state of folding (Figure 2.4B). This intermediate is further stabilized by tertiary
contacts of the folding nucleus with other parts of the protein which still lack a defined
structure [76, 34]. Subsequently, the rest of the protein collapses around this folding nu-
cleus and condensates into a compact conformation which constitutes the native confor-
mation. It is argued that the unstable nature of the folding intermediate prohibits their ac-
cumulation thereof during folding. Thus, a fast, two-state folding is achieved. Evolutionary
pressure acts on the folding nucleus in the sense that this transient nature has to be pre-
served [76]. Only a fraction of the protein initiates folding, subsequently consolidation of
the folding nucleus and its extension happen concurrently. Secondary structure elements
and tertiary contacts are also established simultaneously [34]. A hierarchic interpretation
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of the nucleation-condensation mechanism suggests a step-wise assembly of folding inter-
mediates, primarily realized by secondary structure elements [81].
Defined-Pathway Model The defined-pathway model (Figure 2.4C) is motivated by find-
ings of the experimental investigation of proteins (Figure 2.5). Therein, so-called foldons
have been identified as autonomous folding units [18, 12, 19, 82]. These fragments encom-
pass 15–35 residues [19] and fold autonomously – no other region of the protein directly
supports or hinders their formation [18, 19]. It is encoded in their sequence which parts
of the protein initiate the formation of local, ordered structures, e.g. secondary structure
elements [83, 84, 13]. These regions decrease in free energy as well as entropy and stabi-
lize the protein during the folding process [85, 13]. This also supports the observation that
proteins fold cotranslationally as they are being synthesized by a ribosome and stabilizing
tertiary contacts cannot be formed yet [86]. These local structures assemble into the global
structure [75, 82, 18]. Tertiary contacts are especially important for the stability of the hy-
drophobic core of the native structure [87]. The defined-pathway model suggests that the ir-
reducible entities relevant for protein folding are foldons and not individual residues [12, 33].
The energy landscape theory proposes that protein folding is a random process which
finds the native conformation of a protein by exploring an energy funnel and gradually de-
creasing the energy of the current conformation. This exploration is random (though guided
by the decrease in free energy and an accumulation of native contacts [85, 88, 89]), but
many ways will lead to a correctly folded protein. The defined-pathway model contradicts
this view as experimental data indicates the opposite [12, 90]: proteins fold reproducible
in the sense that foldons will be established at distinct points in time and this formation is
the same if the experiment is repeated. If this assumption is true, then the initial search
of the foldon with the highest propensity to fold should be a random process and happen
slowly. After that, the formation and relative assembly of further foldons may be guided by
the already established structural fragments and will happen faster. The reason is that more
information on the correct assembly of the structure is present and the number of confor-
mations to explore is reduced due to the presence of folding intermediates. This leads to
the observed two-state folding for most small proteins for which no folding intermediates
accumulate [12]. Interestingly, molecular dynamic simulations of protein folding come to a
similar conclusion [91, 19, 92].
Topomer Model Topomers (Figure 2.4D) are sets of near-native conformations which do
not disrupt the covalent bonds of the peptide backbone. These conformations have been
shown to bury surface area in a manner comparable to the native structure which implies
that the hydrophobic collapse precedes the sampling for the topomer which resembles the
native structure [77]. Analogously to the defined-pathway model, the diffuse search for the
topomer ensemble is slow whereas the refinement of a structure with overall correct topol-
ogy happens fast. The duration of the first time step scales with the number of residues [93].
2.3. PULSE-LABELED HYDROGEN-DEUTERIUM EXCHANGE
The conclusion of the previous section is that the protein folding process is still little un-
derstood which is the consequence of a lack of standardized experimental data describ-
ing folding intermediates [9, 10, 11], especially difficulties in observing the transition state
obscures important characteristics [94, 95]. Various experimental techniques have been
established to investigate the folding process (and the transition state in particular) with
temporal and spatial resolution. The most promising technique is pulse-labeled hydrogen-
deuterium exchange (HDX). Therein, it is exploited that backbone amide groups of amino
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Figure 2.5.: Defined-Pathway Model of Protein Folding
During protein folding an unfolded protein chain passed an energetic barrier – called transition
state – and folds into the native conformation. The final structure exhibits low free energy and
low entropy. The defined-pathway model [19] is supported by experimental data which implies
that protein folding is a deterministic, step-wise process. After the transition state is passed,
local stable structures are established and form energetically favorable assemblies (first folding
intermediate depicted in blue). This results in a partial decrease in energy. Residues of the blue
fragment are considered to fold early in the process (early folding residues). Subsequently,
other parts (depicted in green) will fold and are associated to the already folded parts of the
structure. The order of this process is determined. The folding intermediates are assumed to
guide and stabilize the process. Figure adapted from [19].
acids can exchange their hydrogen atom for deuterium atoms. This exchange depends on
the accessibility of the amide group: residues in the core of the protein do not interact
with the solvent and are therefore not susceptible to this exchange. The same is true for
residues in stable secondary structure elements such as α-helices. In contrast, residues
at the surface of the protein and those in unstructured, disordered regions will be read-
ily accessible by the exchange. By combination with nuclear magnetic resonance (NMR) or
mass spectrometry (MS) experiments, it can be assessed whether an exchange occurred
at a particular residue [87, 96, 12, 19]. HDX provides information on the local and tertiary
structure, structural change or dynamics, as well as energetics [12]. An additional level of
information can be added when proteins are denatured in a controlled manner. Denatura-
tion agents such as GuHCl disrupt the formation of hydrogen bonds in the solvent and act
as chaotropic substances: unfolded states can be introduced to artificially initiate protein
folding and unfolding events [97, 98].
Factors which influence the rate of HDX are diverse [12]: the process depends on pH,
temperature, surrounding residues, isotope effects, and ionic strength [99, 100, 101]. Li
and Woodward pioneered a protocol to compare HDX experiments despite changing ex-
perimental conditions or techniques [87]. Their methodology was later employed for the
design of the Start2Fold database [8] which currently encompasses HDX data of 57 pro-
teins in a standardized manner. The database covers all structural protein families present
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in class, architecture, topology, homologous superfamily (CATH) and structural classification
of proteins (SCOP) [11]. However, the size of the deposited proteins [13, 11] varies from
56 to 394 residues which likely makes this resources only relevant for the folding of simi-
larly small proteins. However, it is quite common to simplify the protein folding problem to
single-domain structure of this size [32]. The knowledge of folding characteristics is difficult
to interpret because to truly understand such a specific aspect of folding, the process itself
has to be understood fully [12].
2.3.1. EARLY FOLDING RESIDUES
Starting from a denatured protein, folding conditions are gradually established until the pro-
tein refolded completely. The resulting folding trajectory can be studied by HDX. Residues
become protected when their amide group is isolated from the solvent as the effect of other
residues surrounding them. During protein folding, the spatial neighborhood of a residue
may be altered. Thereby, especially the formation of hydrogen bonds involving the amide
group of the backbone is relevant. Residues which are protected from the exchange at the
earliest stages [96, 20, 18, 13] are called early folding residues (EFR). Residues which are
protected only at later stages or not at all are referred to as late folding residues (LFR). The
protection of amide groups occurs at an exceedingly fast timescale below 1 s which are dif-
ficult to track experimentally. In some cases, the experimental signal of EFR may not be
the effect of the formation of hydrogen bonds but rather be the mere result of undirected
physical chemistry. In other cases, buried groups are still accessible to the exchange [87].
Several models try to explain this observation; but in general breakage of hydrogen bonds
is required to allow exchange of the hydrogen atom of the backbone amide group [12].
Proteins are flexible structures: maybe multiple, non-cooperative fluctuations allow solvent
molecules to access buried amide groups. Another assumption is that whole fragments of
a protein will unfold from time to time. Fragments may also adopt different conformations
as the free energy of the optimal state is only marginally favorable. Despite all uncertainty,
the relevance of the experimental signal can be assumed to be more reliable when several
residues in spatial proximity exhibit similar tendencies [87].
EFR were shown to initiate the folding process and the formation of secondary structure
elements [13] or even larger autonomous folding units [18]. They were found to form ter-
tiary residue contacts early during the folding process [87]. EFR tend to be conserved,
non-functional residues [22]. In contrast, LFR may be relevant during later stages of the
folding process, implement protein function, or be mere spacers between protein regions.
In a previous study [20], EFR have been shown to exhibit lower disorder scores and higher
backbone rigidity. Regions with high backbone rigidity are likely to constitute ordered sec-
ondary structure elements [20, 13] and this tendency is manifested in local sequence frag-
ments [83, 84]. Especially aromatic and hydrophobic amino acids were linked to ordered
regions of proteins [20]. Subsequently, it was shown that EFR are likely buried according
to their relative accessible surface area (RASA) [13]. EFR have been shown to feature the
largest number of residue contacts in the folded structure and were linked to an increased
evolutionary co-variation [11].
The annotation of EFR exists only for a small number of proteins. EFoldMine [11] is a
classifier that predicts EFR from sequence. Due to the nature of the trained models [20, 11],
it is still unclear what characteristics cause EFR to fold first [13]. Furthermore, early folding
events are enigmatic [102, 103, 72]. EFR are a resource to address this question: are
the experimental signals of EFR transient? This would imply that EFR are only relevant
in the early stages of the folding process and will not exhibit distinct characteristics in the
successfully folded, native conformation. Ways to determine the most relevant structural
features for EFR are presented in Chapter 5 and Chapter 6.
31
Figure 2.6.: Experimental Identification of Early Folding Residues
Pulse-labeled HDX can be used to identify residues which fold first in the protein folding process.
The hydrogen atom of the backbone amide group of an amino acid is exchanged with deuterium
or vice versa. Whether this exchange happened or not can be measured by techniques such
as MS or NMR and related to one particular amino acid. The temporal resolution of the folding
process is achieved by denaturation agents which allow minute control over the folding state
of a protein. By combining various states, the folding process can be observed with a pseudo
time attached to each observation (y-axis). In the initially denatured protein chain all residues
are susceptible to HDX (light blue). So-called EFR are residues which become protected from
this exchange first. Protection (dark blue) is the result of residues being shielded by surrounding
residues – their amide group is no longer accessible by the solvent and no exchange can be
observed because backbone hydrogen bonds have been formed. In contrast, there are LFR
which become protected late or not at all [87].
2.3.2. HIGHLY STABLE RESIDUES
In addition to EFR, highly stable residues (HSR) were identified in HDX experiments. This
particular type of residue is observed by denaturating protein structures by chaotropic agents
such as GuHCl [97]. The higher the concentration of the denaturant, the more the formation
of hydrogen bonds in the protein structure is disrupted. This leads to an increasing ten-
dency of the protein to lose its structure and adopt the conformation of an extended chain
(Figure 2.7). Most residues will lose their structural integrity quickly: they are referred to
as unstable residues (UR). In contrast, certain sequence fragments form highly stable sec-
ondary structure elements which do not necessarily fold early but are exceedingly stable.
Residues therein are HSR as they resist unfolding pressure. They are the last residues in a
protein which will give way to a random structure.
The relevance of HSR is difficult to assess. It has been stated that protein unfolding
events are way easier to understand than folding events. Especially identifying an unfolding
pathway is more feasible than finding a folding pathway. Because of the symmetry of the
process, this investigation in the opposite direction may provide new or complementary
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Figure 2.7.: Experimental Identification of Highly Stable Residues
Pulse-labeled HDX can also be used to identify residues which are highly stable with respect to
unfolding events. Starting from the native structure, the concentration of denaturation agents
is increased so that the protein becomes increasingly unstable. Some regions of the protein
will almost instantly lose their structural integrity (UR) and become susceptible to the exchange
of the hydrogen atom of their backbone amide group. In contrast, HSR resist unfolding even at
high concentrations of a denaturation agent as indicated by their protection from the exchange.
insights [32]. The role of HSR for the structural integrity in proteins is presented in Chapter 4.
2.4. OTHER EXPERIMENTAL TECHNIQUES TO STUDY PROTEIN
FOLDING & UNFOLDING
Several other techniques approach the problem from a similar angle and try to identify key
residues for the protein folding process or protein stability. Some approaches indirectly
accumulate information on the transition state which is not directly observable, while others
disturb the native conformation of a protein by pH, heat, or denaturation agents such as
GuHCl or urea [104, 105].
φ-Value Analysis φ-value analysis is based on mutagenesis studies [106]. Residue posi-
tions are mutated (e.g. to an alanine amino acid) and the change in energy of the denatured,
transition, and native state of the protein is tracked. The derived value states how dras-
tic the introduced mutation changes the folding characteristics of the transition state and
can be used to characterize the surroundings of a residue in the context of protein folding.
Scores close to 0 indicate no effect on the transition state as well as native conformation.
In contrast, values close to 1 represent destabilizing effects. Furthermore, the relation of
the free energy of the transition and native state captures whether the studied residue is
embedded in an ordered, already folded surrounding during the transition state [106, 107].
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Tryptophan Scanning Another way to study conformational change during protein fold-
ing is to exploit the fluorescence of the aromatic amino acids phenylalanine, tyrosine, and
tryptophan. Of these amino acids, tryptophan is the most relevant candidate for fluores-
cence studies because it allows for the most precise measurements (e.g. due to its high
extinction coefficient). Tryptophan fluorescence is especially suited to characterize folding
intermediates because the emission energy of tryptophan changes depending on its em-
bedding in a protein structure. The emission is blue-shifted for residues in the hydrophobic
core of the protein, whereas a red-shift is expected for partially buried or exposed trypto-
phans [108]. Basically, this technique allows to assess whether tryptophan residues show
similar characteristics as in the native or denatured state or if folding intermediates exhibit
completely different conformations [109].
Circular Dichroism Circular dichroism [104, 110, 111] characterizes the presence of sec-
ondary structure elements in protein structures. The relative content of α-helices and β-
sheets can be determined especially reliably [104]. This approach exploits the difference
in adsorption of differently polarized light by enantiomeric molecules (such as proteins).
Different classes of secondary structure elements have distinct spectra and can thus be
distinguished. Furthermore, their relative content can be determined, especially when con-
ditions of a protein are varied [110].
This section can be concluded by the statement that no single technique can optimally
characterize folding intermediates, but rather an integrative view via the combination of dif-
ferent approaches leads to a deeper understanding of the folding process [108]. This is
however hindered by many of the presented measurements being not directly compara-
ble [87]. Also, all techniques provide only a qualitative indication for certain residues to
be part of the folding nucleus [87]. Experimental HDX data was chosen to describe fold-
ing characteristics of proteins, because the most comprehensive collection of such data is
provided by the Start2Fold database [8].
2.5. IN SILICO PROTEIN FOLDING
Molecular dynamic simulations can be used to recreate and study protein folding in sil-
ico [91, 19, 92]. Interestingly, simple lattice models which only consider the hydrophobicity
of amino acids in a binary manner yield good results as well [57, 58, 21]. In consequence,
it has been argued that protein folding is mainly driven by local interactions which form sec-
ondary structure elements which then assemble to form the global structure. Contacts be-
tween these secondary structure elements are rather unspecific and are more likely to re-
fine a near-native structure, while not dominating its formation. The structure of proteins is
the consequence of them being heteropolymers (i.e. they consist of hydrophobic as well as
hydrophilic monomers). This dichotomy and the restriction imposed by the covalent bonds
lead to one compact native structure [21]. The concepts leading to successful in silico pro-
tein folding are potentially also relevant in in-vivo folding: even if the in-vivo process cannot
be observed unconditionally, the problem may be approached by simulating simplified mod-
els in silico.
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3. CONTACT-BASED STRUCTURE
PREDICTION
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A given protein structure with n atoms can be represented by 3n numbers which describe
the x, y , and z coordinates of all atoms. This representation can be transformed to a distance
map (DM) which captures the Euclidean distance between all atom pairs. This map is a
symmetric matrix and contains n · (n − 1)/ 2 entries for all possible pairings of atoms. Both
representations can be transformed into the other. The main advantage of a DM is that
they are invariant to rotation and translation. Also, they can be sparse, i.e. the majority
of elements may be missing, while still containing all information necessary to derive the
three-dimensional structure [112].
3.1. CONTACT MAPS
A DM can be further simplified by transforming this matrix of real values to a binary matrix
which contains two states. This representation is called contact map (CM). It is evaluated
whether a distance threshold T (e.g. 8 Å which equals 0.8 nm) is fulfilled for a given pair of
atoms i and j:
CM[i , j] =
{
1, if DM[i , j] <− T
0, if DM[i , j] > T
(3.1)
This leads to a drastic reduction of contained information. Another common simplification
is to merely evaluate pairs of amino acids. Residues are represented by their Cα, Cβ, or
centroid and the distance threshold T is evaluated between these representatives. The
coordinates of a protein can be reconstructed from this further reduced representation as
well by several computational approaches [113, 114, 16, 115].
Figure 3.1.: Visualizations of Contact Maps
CMs represent contacts between residues in a protein structure. These renderings are a per-
sonal communication with Christoph Leberecht, Florian Kaiser, Sebastian Salentin, Michael
Schroeder, and Dirk Labudde. (A) The “yarn plot” is a circular representation of contacts be-
tween residues. Edges between residues are colored by interaction type as annotated by
PLIP [37]. Hydrogen bonds are colored dark blue, water bridges light blue, salt bridges yel-
low, and hydrophobic interactions grey. (B) The “pyramid plot” is a reinterpretation of CMs,
which omits redundant information present in conventional, symmetric CMs. Positions which
do not feature any contacts to other residues are ignored for visual clarity.
CMs are a welcome simplification of three-dimensional protein structures. Structures are
not readily conceived by humans as well as compared to other structures because they
are usually placed arbitrarily in the three-dimensional space. CMs capture a high amount of
structural information while being inherently invariant to rotation and translation. This makes
interpretation and comparison more feasible [112]. E.g., α-helices constitute thick bands
around the main diagonal because they are composed of contacts between a residue and
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its four successors. In contrast, parallel and anti-parallel β-sheets manifest as thin bands
parallel or anti-parallel to the main diagonal, respectively [113]. The binary character of CMs
has implications for the prediction of contacts by machine learning techniques since a bi-
nary variable is easier to learn than a continuous one [112]. Studies [14, 15, 116, 17] have
demonstrated that CMs are tolerant to the deletion of individual contacts. This implies that
even sparse representations of a CM can be used for the successful reconstruction of a
protein structure since most information in a CM is redundant [14, 15, 17]. This again ben-
efits contact prediction methods as the number of true positive predictions does not need
to approach 100%.
Of course, the employed simplification also comes at a price. Reconstruction routines
are tolerant to the deletion of contacts and some authors [112] state that the same is true
for the introduction of some false positive contacts. Such contacts are not prepresent in
the CM of the native structure, but rather errors of contact prediction methods. However,
false positive predictions are usually systematic errors and tend to be intrinsically correlated.
Also, contacts influence other contacts in a non-local manner. This leads to complex in-
teractions between false positive contacts, which cannot be compensated [112]. Other
authors [17] assessed false positive predictions to be in general far more detrimental to
the reconstruction fidelity. In order to address this issue quality assessment methods for
CM were developed [117]. Another conclusion drawn is that contact correctness is more
important than the number of predicted contacts [17]. Dedicated visualization tools were
established [118, 119] because of the success of contact prediction methods and the in-
creasing relevance of CMs.
A crucial aspect for the creation of a CM is the used contact definition. What defines a
contact between two residues? How are residues represented? In pivotal studies [120, 16],
it has been demonstrated that there is no universal contact definition which is optimally
suited for all problems. The non-covalent interaction types [37] which stabilize protein struc-
tures are highly diverse. Especially hydrogen bonds and hydrophobic interactions play a
key role and have been shown to exhibit distinct distance preferences [120, 121]. In other
cases [122], structures such as PDB:1xcp_B cannot be successfully reconstructed with the
standard contact definitions but require a roughly doubled distance threshold of 16 Å. Re-
construction fidelity also increases when additional information such as the distribution of
secondary structure elements is considered. The same is true for the consideration of non-
contacts, i.e. pairs of residues which do not share a contact in the CM [123].
CMs have a wide range of applications for structural biology [124]: especially for the
identification of domain boundaries, as basis for molecular replacement routines, for the
interpretation of X-ray crystallography (x-ray) and NMR data, the identification of functional
sites, and the assessment of crystal packing. Other studies describe the utilization of CMs
for the analysis of protein dynamics [125]. They are also used to speed up molecular dy-
namic simulations [126] as well as fragment-based structure prediction routines [127]. Both
approaches try to recreate the protein folding process in silico. Dedicated studies approach
the protein folding problem by CMs [128]. CMs have also been shown to be valuable tools
for the comparison of structures [129] and the description of protein-protein interfaces [130].
In [112], studies on the small-world feature of proteins are reviewed. CM can be represented
as residues graphs and therein the number of edges is relatively small while the overall
connectivity of the graph is still high. This characteristic is the result of the small-world
feature wherein a small number of vertices are crucial hubs within the graph. In summary,
CMs are one of the most promising techniques in structural biology and the rapid grow of
the surrounding ecosystem captures this.
37
3.2. CONSTRAINT-BASED AB INITIO STRUCTURE PREDICTION
The all-atom reconstruction of a protein structure from a sparse CM is a difficult problem.
Initially, structures were reconstructed by applying the Lagrange theorem [131] or stochas-
tic optimization [128]. The latter approach evaluates an objective function which captures
how well the set of given constraints is fulfilled and optimizes this function to find a likely
conformation. An essential characteristic of the reconstruction strategy is how well it can
deal with errors in a CM as present in real world applications [112]. Therefore, several recon-
struction algorithms [132, 133, 134, 116] have been proposed which provide an increased
performance, applicability, and error tolerance.
A state-of-the-art algorithm for the reconstruction of the tertiary structure from a CM is
CONFOLD [114]. The algorithm has native support to incorporate defined secondary struc-
ture elements by evaluating distance restraints, dihedral angles, and hydrogen bonds. Con-
ventional algorithms only represent secondary structure elements by distance constraints.
Especially β-sheets can be modeled with higher accuracy. Another crucial consideration is
the number of enforced distance constraints. The actual reconstruction routine is an adap-
tion of the distance geometry simulated annealing protocol of CNS [132]. Specifically, more
minimization steps are performed and the number of backbone atoms for which constraints
are considered was increased. Also the protocol was adapted to support weighted con-
straints and additional information provided by contact prediction techniques which state
the reliability of predicted contacts. The gathered information is used to create 20 models
which are then scored by the default routines provided by CNS. Unsatisfied contacts are fil-
tered, and a second stage reconstruction may be performed which again yields 20 models.
By default, the five top-scoring models are provided as output of the algorithm [114].
An established strategy to score the fidelity of reconstructs is the superimposition with
the native structure used to compose the initial CM [14, 15, 17, 135], e.g. by TM-align [136].
The quality of the reconstruct can be quantified by scores such as the root-mean-square
deviation (RMSD) or template modeling score (TM-score) [137, 138]. In this thesis, RMSD
values below 4 Å are regarded to resemble the native structure and thus constitute a suc-
cessful reconstruction. Analogously, a TM-score above 0.5 represents the correct fold [138].
3.3. REVOLUTION BY COEVOLUTION
Coevolution techniques revolutionize how scientists approach structural bioinformatics [139].
One such technique is the direct coupling analysis (DCA) [140, 141] which was primarily
designed for the protein structure prediction. Subsequently, it has been applied for the
prediction of membrane protein structures [142], protein complexes [143], and mutation
effects [144].
The DCA makes use of the fact that a large amount of genomic information has been
collected. Oftentimes there is a evolutionary connection between sequences as it is the
case for protein families. This imposes constraints on the sequences because they can-
not change freely but rather have to conserve their function and structure. This results in
similar sequences within protein families which can be aligned in a multiple sequence align-
ment (MSA). Positions within this MSA may change seemingly arbitrarily while others are
conserved and cannot change without compromising protein function. Ultimately, the one
constraint on proteins is that they must be biologically functional. Otherwise, an organism
would not be viable, or the useless gene would not be expressed anymore. This leads to
the conservation of crucial sequence positions – over the course of evolution, these posi-
tions remained unchanged. Commonly, they can be associated to key positions regarding
protein function. A more interesting case is when defined residue positions change in de-
pendence of a second position far away at sequence level (Figure 3.2). Therein, a mutation
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at one position would likely result in a dysfunctional protein; however, the detrimental ef-
fect can be compensated when the corresponding position changes accordingly. Such co-
evolution effects can be observed in MSAs and are the basis of coevolution techniques. It
is remarkable that positions far apart at sequence level exhibit such complex covariation.
The drawn conclusion is that the coupling of both residues is the direct consequence of
them being spatially close. Mutations to one positions need to be compensated by the
coupled position because otherwise their contact in protein structure would be lost. Ever
since this argumentation was established, it was refined for the application in structure pre-
diction routines. Most importantly, this approach does not require knowledge of template
structures [140, 141] such it is the case in homology modeling [145].
Figure 3.2.: Contact Prediction by Coevolution
Coevolution techniques [140] were designed for protein structure prediction and make use of
the fact that many protein sequences are known. By searching for homologous sequences and
aligning them, the conservation of individual residues of the query sequence can be assessed.
Some positions are conserved, others change freely. A small number of defined sequence
positions changes in dependence of the other (one-letter-codes rendered in color). These po-
sitions are coupled: change at one position has to be compensated by an according change
at the other sequence position. This implies spatial neighborhood of these coupled residues.
Subsequently, these coupled positions can be used as constraints of structure reconstruction
algorithms. Figure adapted from [140].
Despite the simplicity of the DCA, the concrete realization is disputed. How are coevolv-
ing positions represented? The initial approach was based on the local mutual information
(MI) measure. Let there be a residue pair of positions i and j. Their MI is defined as:
MIi j =
q∑
Ai ,Aj=1
fi j (Ai , Aj )ln
(
fi j (Ai , Aj )
fi (Ai )fj (Aj )
)
(3.2)
Therein, MIi j is a difference entropy which evaluates the co-occurrence frequency fi j (Ai , Aj )
of the amino acids Ai and Aj observed in the alignment at positions i and j and the dis-
tribution fi (Ai )fj (Aj ), when no coupling is present. Since then, it has been shown that the
measure based on MI is not optimal as it has a local character (i.e. MIi j is independent of
all other possible pairs). Due to this locality, the model is highly sensitive to transitive cou-
plings. If there is covariation between residues A and B as well as between B and C, then
any local model will also report covariation between residues A and C. This implies spatial
proximity of both residues, even though the observed covariation is the mere consequence
of an inadequate measure [140]. To address this issue, a generalization of the Ising model
was established. The conventional Ising model describes ferromagnetism and considers
the spin of each particle which adopts two distinct states. To quantify covariation in MSAs,
21 states are considered (for the canonical amino acids and gaps in the alignment). The ma-
jor difference of the direct information (DI) and the MI measure is that the local frequency
count fi j (Ai , Aj ) is replaced by the twofold constrained pair probabilities PDirij (Ai , Aj ):
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DIi j =
q∑
Ai ,Aj=1
PDirij (Ai , Aj )ln
(
PDirij (Ai , Aj )
fi (Ai )fj (Aj )
)
(3.3)
PDirij can be obtained by evaluating residue couplings and the individual amino acid fre-
quencies. The result is a model which is consistent for all pairs of i and j. In [140] it
has been demonstrated that this model is far more sensitive to true positive contacts and
also captures more tertiary contacts which have been proven to be crucial for protein fold-
ing [146, 147] as well as structure prediction [15, 140]. Transitive contacts are still difficult
to detect [148]. In other cases, sequence conservation may be caused by protein function
rather than protein structure [149]. EVfold [140, 141] was chosen to represent coevolution
techniques in this section due to its pivotal role for the field. Other implementations are
e.g. PSICOV [150], CCMpred [151], Gremlin [152], or plmDCA [153]. The major limitation of
coevolution techniques is that they require a good MSA based on many reasonably diverse
sequences. If no or too few homologous sequences can be found, residue contacts cannot
be predicted [135]. Coevolution techniques also have difficulties with predicting membrane
proteins correctly [135, 124, 123]. To address this issue, dedicated methods had to be de-
signed [142].
3.4. CONTACT PREDICTION BY SUPERVISED MACHINE LEARNING
Another way to predict residue contacts from sequence are supervised machine learning
(SML) techniques such as deep learning. The public was stunned when Google’s AlphaGo
beat humans in one of the most difficult games there is [135]. In conventional statistics,
correlations between carefully defined variables are assessed to gain a bottom-up under-
standing of a process. Machine learning uses these variables to directly predict the outcome
(e.g. a class label) of the process. A detailed understanding of why a certain prediction is
made may not be provided. Deep learning makes things even more abstract: the variables
used for training do not have to be highly descriptive for the process to be modeled. In-
stead, deep neural networks can work with simple input variables and will use this provided
information to compose complex features which are then used for the classification task. In
terms of protein structure prediction, there is homology modeling which explicitly searches
for template structures which are subsequently used to create models of the query protein
sequence [145]. Machine learning techniques use features derived from sequences such
as sequence profiles, predicted secondary structure elements, and coevolutionary informa-
tion [154]. These features are used for the training process. Deep learning techniques are
also based on sequence features but employ convolutional operations to internally derive
features which provide a better basis for the learning process.
One remarkable deep learning approach for the prediction of CMs is RaptorX [135]. Therein,
the CM of a native protein structure used for training is interpreted as an image and allows
to employ knowledge of the computer vision community: each pixel is either active or in-
active and captures whether there is a contact between the corresponding residues. The
implementation consists of two residual neural networks (Figure 3.3). When the number
of hidden layers increases, networks become more complex, and training becomes more
difficult as well. To minimize the error function, all weights in the neural network must be
adapted appropriately [135]. This is done by quantifying the error of the output layer and
propagating it back to the input layer. The longer the distance between input and output layer
is (i.e. the deeper the network), the more difficult does this process of back-propagation
become. Because the connection of input and output layer is so complex, the overall archi-
tecture is prone to degeneration. Residual neural networks address this problem of deep
architectures by introducing an additional direct route between input and output layer (the
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arrows passing the 1d and 2d conv layers in Figure 3.3). This prevents degeneration of deep
networks since it provides knowledge of the initial input to all layers regardless of actual
depth in the architecture. In consequence, layers do not have to find a optimal operation
out of the blue but can refine the output of their preceding layer because more context is
provided [155].
Figure 3.3.: Contact Prediction by Deep Learning
RaptorX [135] (a SML technique) uses sequences features to predict a matching CM for a se-
quence of length L. n describes the number of features at a particular step. This concrete
architecture is realized by two residual neural networks. Conventionally, a layer must find an
appropriate mapping between its input and output without additional information. The residual
architecture additionally provides what the preceding layer did and allows the next layer to fine-
tune that output rather than starting from scratch [155]. In the one-dimensional part sequence
features such as predicted secondary structure elements and accessible surface area are con-
voluted to create more descriptive features. A matrix is created from this vector by employing
the outer product. Additionally, it is enriched with pairwise features between residue positions
such as coevolutionary information, a contact potential, and a distance potential. This matrix is
again subject to a series of convolutional operations and finally used as input of a logistic regres-
sion which predicts the probability of two residues being in contact. Figure adapted from [135].
The input of RaptorX (Figure 3.3) is a vector which describes each residue position by 26
features (i.e. sequence profile, secondary structure elements predicted from sequence, and
predicted accessible surface area). By a huge number of residual layers this feature vector
is convoluted, and the sequence context of each residue position is learned. The ultra-deep
architecture of the network allows to identify relations between residues at sequence level.
Subsequently, the outer product of this vector is composed which yields a n×n matrix. This
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matrix is enriched with additional input features in the form of coevolutionary information,
a contact potential, and a distance potential. Again, this matrix is fed to a series of residual
layers which convolute the initial input. This time, the neural network learns residue co-
occurrences and higher order contacts which resemble the two-dimensional context of a
residue. The derived features describe the pairing of all residues and a logistic regression is
used to transform them to a probability which states how likely it is that these two residues
exhibit a spatial contact. The predicted CM can be used to reconstruct an all-atom model of
the protein sequence by standard means. This method has been demonstrated to general-
ize the problem surprisingly well. It was trained solely on globular proteins, but still showed
superior performance when employed on membrane proteins. Coevolution techniques such
as the DCA learn the sequential context of a residue position within the context of the
corresponding protein family. In contrast, this approach evaluates all provided sequence
information which potentially includes non-homologous sequences and therefore may be
able to identify general patterns in protein sequences. Another improvement to previous
methods is that the whole network is trained simultaneously (rather than separating 1d and
2d operations) which allows layers to fix errors made by preceding ones [135].
RaptorX [135] was chosen to represent supervised machine learning techniques in this
section because of the diversity of applied machine learning techniques and the superior per-
formance. Other implementations are e.g. SVMSEQ [154], CMAPpro [156], PconsC2 [157],
MetaPSICOV [158], PhyCMAP [159], or CoinDCA-NN [160]. Still, RaptorX considers coevo-
lutionary information and it is very important for the accuracy of the contact prediction [135].
In consequence, DCA and SML are not opposed approaches but can rather complement one
another. Actually half of the previously mentioned SML techniques [158, 157] directly incor-
porate evolutionary information and can be considered hybrid methods [124]. The same is
true for DCA methods [152], which include SML data.
3.5. THE STRUCTURAL ESSENCE OF CONTACT MAPS
With the emergence of CMs and success stories linked to them, it became evident that a
fine-grained interpretation of a CMs is still missing. It is especially unclear why certain
contact definitions capture a protein fold successfully and others do not [16]. The most
prominent question is what the smallest subset of a CM is, which contains all information
to resemble the fold of a protein. It is hypothesized that consideration of a minimal number
of contacts as constraints may make structure prediction techniques more efficient [15].
Chen et al. [14] approached this question by defining a dataset, randomly selecting frac-
tions of all contacts, and tracking the influence of this selection on the reconstruction per-
formance. They found that reconstruction fidelity decreases as the number of considered
contacts decreases. In their study, 70% of native contacts allowed for successful (i.e. the
correct fold is resembled) reconstructs. Another key finding is that random selections of
contacts outperform any proposed rational selection of contacts. Good reconstructs were
achieved by a combination of local and tertiary contacts. However, no general pattern has
been derived [14]. This emphasized the limited understanding for the information captured
by CMs.
Subsequently, Sathyapriya and coworkers [15] refined the study by Chen et al. [14]. The
coined the term “structural essence” for the minimal set of fold determining contacts. Most
prominently, they were able established a rational selection of contacts (called “cone peel-
ing”) to reduce the fraction of considered contacts down to 8%. Their contact definition is
relaxed compared to that of Chen et al. and they also considered higher RMSD values to
be successful reconstructions. The cone peeling selection is based on the observation that
many contacts of a map are redundant, i.e. other contacts (or combinations thereof) may
contribute the same information for the reconstruction process. Contacts can be eliminated
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if they share a common neighborhood or if they are local contacts [15, 126]. Effectively,
cone peeling allows the same reconstruction quality with half the contacts. This study also
showed that tertiary contacts are more informative (in terms of being the structural essence)
than short-range ones, but they are not the exclusively relevant for good reconstructions.
In fact, a random selection of contacts does not perform worse than the explicit considera-
tion of the top-scoring tertiary contacts as determined by the cone peeling algorithm. Thus,
good reconstructions must encompass both local and tertiary contacts [15].
A general implication of these [14, 15] and related [114] studies is that contacts are not
equally important. But no method was established which aims to define the importance of
individual contacts in the context of a CM of a native protein structure. And exactly that will
become a central aspect of this thesis in Chapter 4.
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The annotation of EFR and HSR provided by the Start2Fold database [8] constitutes valu-
able information to understand the protein folding problem and has also implications for
the prediction of protein structures. EFR (Figure 4.1A) initiate the formation of stable local
structures starting from the denatured protein chain [20, 18]. In contrast, HSR (Figure 4.1B)
constitute regions in the native conformation [161] which are resilient to unfolding events
(e.g. as natural phenomenon [162] or change in temperature or pH [105]). Both EFR and
HSR are key to understand the protein folding process [163, 13]. CMs are the cornerstone
of contemporary structure prediction methods. The surrounding ecosystem of reconstruc-
tion algorithms may elucidate the protein folding process by pinpointing the most important
contacts for structural integrity. Additionally, the relevance of EFR and HSR in the context
of protein structure prediction provides qualitative insights. However, the relevance of EFR
on the structural integrity of a protein structure is little explored. One reason is that it is
currently not possible to assess the role of a contact or residue regarding the structural in-
tegrity of a protein; especially an in silico approach suitable for large-scale studies is needed
to assess the relevance of EFR and HSR.
Figure 4.1.: The Relevance of Early Folding and Highly Stable Residues
Most proteins adopt a native conformation autonomously in the process of protein fold-
ing [27, 28]. (A) A small number of EFR (depicted in blue) initiate the folding process as their
surroundings change before that of other residues [13]. (B) Analogously, folded proteins can
be analyzed with respect to their stability. HSR (depicted in green) occur in regions which are
particularly resilient to unfolding events [161].
CMs do not only contain the information needed for protein structure prediction, but they
also are potential tools to describe the fundamentals of protein folding. In 2007, Chen et
al. [14] pioneered the search for the most relevant contacts of a CM and wanted to deter-
mine the minimal set of contacts which captures the fold of a protein. Therefore, they rep-
resented proteins by CMs and selected random subsets with varying coverage. These sub-
sets were then used as constraints in a structure reconstruction algorithm, the result was
aligned to the native structure, and its fidelity was assessed by the RMSD. As the number
of constraints increased (i.e. more contacts of the native CM are considered), the RMSD
decreased because the reconstructs resembled the native structure increasingly well. A re-
construction is considered successful when the RMSD to the native structure is below a
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certain threshold and likely to resemble the correct fold [17, 15, 14]: in this thesis 4.0 Å
are considered as cutoff. Good reconstructions have been shown to depend on a delicate
balance of sequentially neighbored and sequentially separated contacts [14]. Sathyapriya et
al. [15] extended the study of Chen et al. and coined the term “structural essence” for the
minimal set of fold defining contacts. They demonstrated that 8% of all contacts allow for
the reconstruction of the correct fold of a protein because most information in a CM is re-
dundant. Furthermore, a rational selection of contacts can outperform a random selection
of equally many contacts with respect to reconstruction quality. However, such a configu-
ration is difficult to compose [15]. Duarte et al. showed that consideration of all contacts
leads to reconstruction qualities around 2 Å [16].
Several studies identified a small number of key residues for the in vitro folding process.
Is the same true for in silico folding: are some constraints more important than others?
Are positions featuring evolutionary couplings crucial for reconstructions? For a long time in
silico folding simulations improved the understanding of the protein folding process [21, 57],
potentially CMs provide an even more tangible connection of both aspects.
4.1. MATERIALS & METHODS
4.1.1. DATASET CREATION
The Start2Fold database [8] provides results of pulse labeling hydrogen-deuterium exchange
experiments. Of this dataset, 5,173 contacts of 2,529 residues were evaluated. Positions
without native contacts were ignored. The Start2Fold database was chosen because it
provides a standardized annotation of EFR which initiate the folding process [13, 11] and
HSR which exhibit significant resilience to unfolding events [8]. This dataset encompasses
all major CATH and SCOP classes. Thus, the structural relevance score was assessed using
a dataset of proteins for which the folding characteristics are fairly well-understood. The size
of proteins in the dataset varies from 56–164, which emphasizes relatively small proteins.
The covered fold classes are diverse, but present proteins tend to be single domain proteins
with fast folding kinetics [11]. Entries without EFR annotation were ignored, even when
information on HSR was present. BioJava [164, 165] implementations of the algorithm of
Shrake and Rupley [166] and dictionary of protein secondary structure (DSSP) [167] were
used for RASA and secondary structure element computation respectively. Residues were
considered buried when their RASA was below 0.16 [168]. Evolutionary couplings were
computed by the EVfold web server [140, 141].
4.1.2. ANNOTATION OF RESIDUE CONTACTS
A pair of residues was defined to be in contact when the distance between their Cα atoms
was less than 8 Å. CMs were created based on this contact definition while ignoring local
contacts between residues less than six positions apart at sequence level. The remaining
tertiary contacts were considered short (sequence separation of 6–11), medium (12–23), or
long (>23) [169]. Non-covalent interactions (hydrogen bonds and hydrophobic interactions)
were annotated by PLIP [37].
4.1.3. STRUCTURE RECONSTRUCTION AND PERFORMANCE SCORING
CMs (or subsets thereof) were reconstructed to all-atom models by CONFOLD [114]. Sec-
ondary structure information was annotated by DSSP [167] and provided as input of the
reconstruction routine. By default, CONFOLD creates 20 reconstructs and selects the five
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top-scoring ones as output. The selected reconstructs were then superimposed with the
native structure by TMalign [136]. Their dissimilarity was measured by the RMSD.
4.1.4. THE STRUCTUREDISTILLER ALGORITHM
The StructureDistiller algorithm (Figure 4.2) evaluates the structural relevance of individual
contacts in the context of a set of other contacts. By selecting 30% of the native contacts
of a map, baseline reconstructs can be created which resemble the protein fold and are
highly sensitive to the toggling (removal or addition) of an individual contact. The perfor-
mance of the baseline reconstructs can be quantified by a structural alignment to the na-
tive structure. Analogously, the performance can be measured for the toggle reconstructs,
which represent the change of one particular contact. By comparing the performance of a
toggle reconstruct with its corresponding baseline reconstruct, the structural relevance of
all contacts is quantified.
The StructureDistiller algorithm is represented in Algorithm 1. A protein structure Snative
in PDB format is the input. Structure files should encompass single domains of a single
chain. The corresponding CM Cnative is created. Cnative constitutes the set of all contacts in
the structure which will be evaluated.
Fractions equal to 30% of Cnative are then randomly selected (Figure 4.2A). The structural
relevance of a contact depends on all other contacts used for a reconstruction. No effect
can be expected when a contact is considered which contributes no additional, but only
redundant information [15]. The creation of random subsets of Cnative is performed with a
redundancy r of 10. The resulting subset of contacts Cbaseline,i is used to create the baseline
reconstructs Sbaseline,i . The average RMSDbaseline,i of each created subset Cbaseline,i is tracked
with respect to Snative (Figure 4.2C). These subsets are highly sensitive to the removal and
addition of a single contact and the basis for all further computations.
All contacts of Cnative are now evaluated regarding their structural relevance by pairing
each contact to each baseline subset of contacts Cbaseline,i . For each pair, it is determined
whether the current contact c is element of Cbaseline,i . If so, c is removed from Cbaseline,i ,
else c is added to the corresponding subset. The change in reconstruction performance can
be quantified by this toggling of a contact (Figure 4.2B): the modified subset Ctoggle,i is again
used for a reconstruction and RMSDtoggle,i is used to describe its quality (Figure 4.2C). The
average improvement of the reconstruction with knowledge of the contact c is tracked by
∆RMSDc. RMSDbaseline,i − RMSDtoggle,i is evaluated when c was removed from the subset,
the expression is flipped when c was added. The structural relevance of individual residues
is the average of all ∆RMSDc of contacts this residue participates in. Positive structural
relevance scores represent contacts which increase reconstruction fidelity while negative
scores occur for contacts hindering reconstruction.
The runtime of StructureDistiller scales with the number of contacts (nc) in the initially cre-
ated map Cnative, the chosen redundancy (r ), and a constant factor R required for a partic-
ular reconstruction task by the CONFOLD algorithm [114]. This means that runtime scales
linearly regarding the number of contacts (nc). However, the number of contacts in a pro-
tein is not linearly related to the number of residues (nr ). In the worst case every residue
is connected to every other residue: then 0.5 · nr · (nr − 1) contacts have to be evaluated.
Comparable studies [14, 15] assumed that all possible combinations of contacts have to be
evaluated to assess the relevance of individual contacts. This emphasizes the elegance of
the proposed algorithm which merely depends on the actual number of contacts.
O(nc · m · R) (4.1)
The individual reconstruction tasks are distributed among worker threads which allows
for efficient parallelization. Using a conventional workstation, computation on proteins with
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Figure 4.2.: Graphical Depiction of the StructureDistiller Algorithm
In order to assess the structural relevance of individual contacts, the effect of their consid-
eration on the reconstruction performance (ΔRMSD) is computed. This allows a novel, more
fine-grained interpretation of CMs. (A) By using 30% of all contacts present in the native CM,
baseline CMs are created which provide maximum sensitivity to the removal or addition of a
single contact. (B) Within these baseline CMs, all contacts of the native CM are toggled: con-
tacts already present are removed and those absent are added. Reconstructs are created based
on these toggle CMs. (C) By superimposing reconstruct and native structure, the structural
relevance of all contacts can be quantified as relative change in RMSD.
up to 200 residues requires one day on average.
4.1.5. DEFINITION OF RECONSTRUCTION STRATEGIES
Various reconstruction strategies were used to assess the relevance of contacts in a CM.
In all cases, a number equal to 30% of the contact count in the native map was used. For
the creation of the random bin, 30% of all native contacts were chosen randomly. Best
constitutes the 30% of all contacts sorted for highest structural relevance, worst resem-
bles 30% of all contacts with the lowest structural relevance. All percentage numbers are
relative to the number of contacts in the native structure. All operations on all definitions
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Algorithm 1 StructureDistiller Pseudocode
1: procedure SD(native structure Snative, redundancy r , coverage v )
. initialization
2: create set of contacts Cnative using Snative
. create r baseline reconstructions
3: for i = 0 : r do
4: create sampled subset Cbaseline,i of Cnative with coverage v
5: reconstruct structure Sbaseline,i from Cbaseline,i
6: superimpose Snative and Sbaseline,i
7: measure performance by RMSDbaseline,i
8: end for
. toggle all contacts in baseline reconstructions
9: for c ∈ Cnative do
10: for i = 0 : r do
11: if c ∈ Cbaseline,i then
12: create toggle subset Ctoggle,i by removing c from Cbaseline,i
13: else
14: create toggle subset Ctoggle,i by adding c to Cbaseline,i
15: end if
16: reconstruct structure Stoggle,i from Ctoggle,i
17: superimpose Snative and Stoggle,i
18: measure performance by RMSDtoggle,i
. compute structural relevance of contact c
19: if c ∈ Cbaseline,i then
20: ∆RMSDc = RMSDbaseline,i − RMSDtoggle,i
21: else
22: ∆RMSDc = RMSDtoggle,i − RMSDbaseline,i
23: end if
24: end for
25: end for
26: return set of all ∆RMSDc
27: end procedure
are performed with ten-fold redundancy. Contact distances were assessed: all short (se-
quence separation of 6–11) and long (>23) contacts [169] were assessed. The same was
done for hydrogen bonds and hydrophobic interactions. Because the number of contacts
of a particular distance or type may be small, a dedicated bin (e.g. non-short) was created
to match in size.
4.1.6. INTRODUCTION OF FALSE POSITIVE CONTACTS
False positive contacts are contacts not present in the contact map of the native protein
structure. CMs were created by the best and random strategy and in 1% bins up to 10%
false positive contacts were introduced, replacing the initially selected native contacts. Anal-
ogous to the employed contact definition, false positive contacts were required to exhibit a
sequence separation greater than five.
4.1.7. STATISTICAL ANALYSIS
Residues without any contacts (i.e. where no structural relevance can be computed) were
ignored from statistical analysis. Notched box plots were used for visualization. The notch
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corresponds to the 95% confidence interval around the median. When the notches of two
distributions do not overlap, they can be assumed to be different. Significance was explicitly
tested by the Mann-Whitney U test.
4.2. RESULTS & DISCUSSION
A subset of the Start2Fold dataset [8] encompassing 30 proteins was used for further anal-
ysis, thereby only proteins with an annotation of EFR were considered. The folding and
stability characteristics of the corresponding proteins have been determined by HDX ex-
periments [105, 8, 11] and these properties may relate to the most relevant contacts of a
CM and constitute a direct connection of protein folding in vivo and structure prediction in
silico. Individual contacts cannot be directly assessed regarding their structural relevance
(i.e. how much does knowledge of this contact improve reconstruction) because a single
contact will never yield a meaningful reconstruct, instead they depend on a set of other
contacts [14, 15]. In order to quantify the structural relevance of individual contacts, they
have to be disentangled from all other contacts mandatory for a meaningful reconstruction
in the first place (see Section 4.1.4). The reconstruction error describes the dissimilarity of
each reconstruct with respect to the native structure [14, 15].
For a basic assessment, all proteins were reduced to a CM representation and random
subsets with varying coverage were used to reconstruct all proteins (Figure 4.3). With
increasing number of considered contacts, the reconstruction error decreases. The recon-
struction process using more contacts becomes more robust as the distributions decrease
in variance. At 30% coverage of all native contacts the yielded reconstructs resemble the
fold of the native structure and are also sensitive to the removal or addition of individual
contacts. The reconstruction error approaches 2 Å when all contacts are used as described
in literature [15].
4.2.1. THE STRUCTURAL RELEVANCE OF INDIVIDUAL CONTACTS AND RESIDUES
The structural relevance of 5,173 contacts was quantified by the StructureDistiller algorithm
(see Section 4.1.4). The outputted score captures the average performance increase in
Å (called ∆RMSD), when a particular contact is considered for the reconstruction process
compared to a reconstruction without knowledge of this particular contact. Positive struc-
tural relevance scores indicate contacts which favorably contribute to reconstruction fidelity,
whereas negative scores indicate native contacts which hinder or at least not substantially
improve the process. The removal of contacts results in a structural relevance of 0.012
+− 0.253 Å. In contrast, the addition of a contact leads to 0.022 +− 0.253 Å. Most contacts
contribute positively to reconstruction performance. An increased change in reconstruction
quality can be observed for the removal of contacts because the relative change in num-
ber of considered contacts is greater compared to the addition of contacts. Only a small
number of contacts is of high structural relevance with similar tendencies shown by stud-
ies on CMs [14, 15] as well as protein folding in general [170], where good reconstructions
as well as correctly folded protein structures depend on a small number of key contacts.
The high variance of the structural relevance scores is the result of both the CM sampling
as well as the reconstruction routine [114] being stochastic processes. Both operations are
performed redundantly to address this issue.
Several features (Table 4.1) are used to describe contacts in more detail. Their relation to
the structural relevance score was assessed. Therefore, residue contacts are distinguished
according to their sequence separation [169]. Short contacts (6–11) exhibit a significant de-
crease in structural relevance. In contrast, long contacts (>23) of sequentially highly sep-
arated residues are more common and feature increased structural relevance scores. The
51
Figure 4.3.: Reconstruction Error by Percentage of Contacts
When more contacts are considered, the average reconstruction error decreases [14] and the
same is true for the variance of each bin. For the assessment of the structural relevance of
contacts, 30% of all native contacts (box plot filled dark orange) were chosen as compromise
because it ensures reconstructs of average quality while the corresponding CMs are still sensi-
tive to the removal or addition of individual contacts (as indicated by a big shift in reconstruction
error with respect to the neighboring bins). Thus, 4 Å was used as cutoff for good reconstruc-
tions for further analyses. Renderings of four structures are provided to make the influence
of the coverage of the native CM more tangible. They resemble knowledge of 5%, 30%, and
100% of all native contacts as well as the native structure (PDB:1hrc_A).
change is insignificant for contacts of medium range. Non-covalent interactions such as hy-
drogen bonds and hydrophobic interactions are annotated between residues [37] and con-
tacts which are backed by either contact type are considered. Both are associated with a
significant change whereby the presence of hydrogen bonds decreases the structural rele-
vance and hydrophobic interactions increase the structural relevance of a contact.
Previously it has been shown that contacts within as well as between secondary structure
elements are required for optimal reconstruction performance [14, 15]. Commonly, recon-
structions only consider residue pairs at least five positions apart on sequence level [169],
though there are cases where the usually ignored contacts may contribute valuable infor-
mation on the structure of loops [171]. Non-covalent contacts have a significant effect on
the structural relevance of a contact. Hydrogen bonds occur between backbone atoms of
amino acids where they define and stabilize secondary structure elements. Some amino
acids such as serine or threonine feature polar side chains which allow them to engage more
flexibly in this type of non-covalent contact. The importance of hydrogen bonds furnished by
side chains for protein folding and stability has been shown [41, 27]. Hydrogen bonds may
feature lower structural relevance scores because of their propensity to occur between po-
lar amino acids at positions exposed to the solvent. In contrast, hydrophobic interactions
primarily occur in the buried hydrophobic core of a protein where they are surrounded by
many other residues which reduces the degree of freedom. Especially, the importance of
tertiary contacts furnished by hydrophobic interactions has been shown [87]. Such contacts
provide information on the correct assembly of distant parts of the protein and, thus, are
relevant for structural integrity both during protein folding and in structure prediction.
Regarding contact prediction methods, evolutionary couplings [140, 141] show no signif-
icant association to the structural relevance score. However, a slight increase in structural
relevance can be observed, when two positions are evolutionarily coupled. A selection of
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Table 4.1.: Contact-Level Features Influencing the Structural Relevance Score
feature category n µ σ trend p-value
short contact (6–11)
no 4,053 0.022 0.086 5 0.025
yes 1,120 0.014 0.081
medium contact (12–23)
no 3,902 0.021 0.085
− 0.161
yes 1,271 0.018 0.086
long contact (>23)
no 2,391 0.016 0.084 4 0.002
yes 2,782 0.024 0.086
hydrogen bond
no 4,610 0.021 0.085 5 0.018
yes 563 0.011 0.083
hydrophobic interaction
no 4,632 0.019 0.084 4 <0.001
yes 541 0.029 0.095
evolutionarily coupling
no 3,246 0.018 0.087
− 0.203
yes 1,461 0.022 0.084
top-scoring coupling
no 3,687 0.018 0.087
− 0.059
yes 1,020 0.024 0.083
Contact length refers to the sequence separation of the contact [169]. Hydrogen bond and
hydrophobic interaction refers to contacts for which the respective interaction type was ob-
served [37]. Evolutionary couplings by DCA [140, 141], for some proteins no data could be
computed. Top-scoring couplings are the first 0.4L contacts sorted by their coupling rank. n
describes the number of observations, µ the corresponding average, and σ the respective stan-
dard deviation. The trend is given, i.e. does presence of this feature decrease (5) or increase
(4) the structural relevance scores. Insignificant change is represented by a dash (−).
the 0.4L top-scoring contacts (L refers to the sequence length) results in a more substan-
tial, though still insignificant, change in structural relevance. Many predicted couplings are
not actually present in the native CM despite being meaningful for structure reconstruction.
Also, potential false positive predictions by the sequence co-variation techniques such as
the DCA are not evaluated, which can be expected to have a negative effect on reconstruc-
tion quality [17].
At residue level, a set of features was evaluated with the same reasoning (Table 4.2).
Residues in unordered secondary structure elements have significantly lower structural rel-
evance than those in α-helices and β-strands. For ordered secondary structure elements,
backbone angles and hydrogen bonding patterns are used as additional constraints during
reconstruction [114] which may explain an overall performance increase. The previous as-
sociation of hydrophobic interactions and structural relevance may be explained by a bias
for buried residues; however, no significant association is observed at residue level. The an-
notation of EFR does not influence structural relevance significantly, while the opposite is
true for HSR (see below). Functional residues may not be of structural relevance, because
binding sites tend to be exposed to the solvent and commonly have unfavorable conforma-
tions [172]. Again evolutionary couplings [140, 141] do not lead to increased structural rel-
evance, probably because most residues feature at least one predicted coupling. Filtering
for the 0.4L top-scoring positions (i.e. regarding their cumulative coupling strength) does
not lead to a significant change either.
4.2.2. MOST RELEVANT CONTACTS INCREASE RECONSTRUCTION
PERFORMANCE AND RESILIENCE TO FALSE POSITIVE PREDICTIONS
The subset of contacts with high structural relevance should lead to good reconstructs when
combined. Therefore, proteins were reconstructed using various strategies to select sub-
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Table 4.2.: Residue-Level Features Influencing the Average Structural Relevance Score
feature category n µ σ trend p-value
coil
no 1,533 0.029 0.060 5 <0.001
yes 996 0.019 0.064
buried
no 1,424 0.024 0.067
− 0.075
yes 1,105 0.027 0.055
early folding
no 2,115 0.025 0.062
− 0.543
yes 414 0.026 0.061
highly stable
no 1,731 0.021 0.061 4 <0.001
yes 688 0.030 0.062
functional
no 2,078 0.026 0.059
− 0.919
yes 119 0.028 0.062
evolutionarily coupled
no 503 0.026 0.064
− 0.754
yes 1,975 0.026 0.062
top-scoring coupled
no 1,361 0.025 0.066
− 0.492
yes 1,117 0.026 0.057
Residues in coil secondary structure elements and residues buried according to their RASA
were evaluated. Residues were assessed regarding their folding characteristics [8]. Annotation
of functional residues from UniProt [173]. Considers evolutionary couplings and the 0.4L top-
scoring positions according to the cumulative coupling strength [140, 141]. n describes the
number of observations, µ the corresponding average, and σ the respective standard deviation.
The trend is given, i.e. does presence of this feature decrease (5) or increase (4) the structural
relevance scores. Insignificant change is represented by a dash (−).
sets equal to 30% of all native contacts (Figure 4.4). To provide a baseline, 30% of randomly
selected contacts were considered (gray). Both strategies are based on the computed struc-
tural relevance scores of the corresponding proteins. Therefore, the contact list was sorted
by descending structural relevance scores. The 30% most relevant contacts were selected
(green). In contrast, the 30% least relevant contacts constitute another reconstruction strat-
egy (red). Other interesting aspects are contact distance and type: therefore short (6–11),
long (>23) contacts, hydrogen bonds, and hydrophobic interactions were assessed.
The RMSD is used to quantify the fidelity of a reconstruct by aligning it to the native
structure – high reconstruction errors occur for bad reconstructs. A random selection of
30% of contacts achieves 3.839 +− 0.599 Å. A combination of contacts by the most relevant
strategy significantly outperforms the random strategy with an average reconstruction error
of 3.479 +− 0.625 Å. Consideration of the least relevant scoring contacts results in an increase
in reconstruction error to 4.311 +− 0.687 Å.
Chen et al. assumed that no rational selection of contacts can surpass a random se-
lection in terms of reconstruction fidelity [14]. Later, Sathyapriya and coworkers [15] pro-
vided an algorithm capable of doing just that. It is especially remarkable that their approach
merely evaluates which neighborhood is shared by a pair of residues. The main aspect
of their algorithm is the selection of non-redundant contacts which can provide the max-
imum amount of information for a reconstruction when combined. The selection of the
most relevant contacts as determined by StructureDistiller constitutes a different approach
to compose a set of contacts which allow for better reconstructs than a random selection.
Of all native contacts two selections can be readily made. One is significantly better suited
for reconstruction purposes than a random selection and whereas the other one performs
significantly worse. It is also remarkable that a combination of long contacts performs sig-
nificantly worse than the negated selection, despite individual long contacts exhibiting high
structural relevance (Table 4.1). This emphasizes the context-specificity of individual con-
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Figure 4.4.: Impact of Reconstruction Strategy on Performance
Various strategies were used to reconstruct structures of the dataset using a number of con-
straints equal to 30% of contacts in the native map. A random selection of contacts (gray), the
most relevant ones by structural relevance (green), and the least relevant ones (red). The most
relevant contacts yield the lowest reconstruction error when combined. This configuration out-
performs a random selection of contacts significantly. Previous studies [14, 15] have shown
the difficulties in finding combinations of contacts yielding better reconstructs than a random
selection. Using the least relevant contacts results in an increased error compared to the ran-
dom selection. When only a subset of all entries of a CM can be considered (as it is commonly
the case [117] and reasonable for efficiency [15]), it is crucial for reconstruction performance
which subset of contacts is chosen. Contact distance and type bins are only comparable to the
explicitly negated bins because the available number of contacts differs (i.e. there may not be
enough hydrogen bonds to match the number of contacts in the random bin). Not selections
based on contact distance or type perform worse than or comparable to their counterpart which
implies the necessity to consider a complex collection of contacts for a successful reconstruc-
tion [14]. When combined short contacts yield relatively good reconstructs even though they
structural relevance scores are low.
tacts and substantiates the previous findings [14], wherein both short and long contacts are
needed for good reconstructions.
The sensitivity of a CM to false positive contacts has been discussed before – even a small
number of such contacts not present in the native structure is detrimental to reconstruc-
tion performance [17]. As shown previously, contacts with high structural relevance allow
for better reconstructs. Interestingly, the selection of the most relevant contacts also can
compensate the moderate introduction of false positive contacts (Figure 4.5). The selec-
tion of the most relevant contacts performs significantly better than a random selection in
all considered cases. The introduction of false positive contacts quickly leads to reconstruc-
tions with errors above 4 Å as larger fractions of false positive contacts dilute the correct
information captured by native contacts. When more than 7% false positive contacts are
introduced to the best bin, the majority of reconstructions is of bad quality. When 30% of
all contacts are selected randomly, only 3% false positive contacts can be introduced be-
fore the error exceeds the threshold of 4 Å. The consideration of the most relevant contacts
buffers the negative influence of false positive predictions (Table 4.3): median performance
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is comparable between reconstructions based on a random selection without false positive
contacts and the selection of the best contacts diluted by 6% of false positive contacts.
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Figure 4.5.: Influence of False Positive Contacts
The reconstruction error is given of for 30% of all contacts in the best (green) and random
(gray) bins with an increasing fraction of false positive contacts. In all cases, the most relevant
contacts perform significantly better than a random selection when it comes to compensating
false positive contacts (p-value <0.001). E.g., the median performance of a random selection
without false positive contacts is comparable to that of the best selection with 6% false positive
contacts. When more than 3% false positive contacts are introduced into the random selection,
the error of the majority of reconstructions lies above 4 Å, whereas the best selection can
compensate more than double the number of false positive contacts before surpassing this
threshold. Knowledge of the most relevant contacts in a protein structure thus increases the
resilience to false positive contacts as well as the overall reconstruction performance.
This implies that contact prediction methods should not only minimize the number of false
positive predictions but may benefit from ignoring particular native contacts when they
exhibit low structural relevance scores. Since even those native contacts can hinder re-
construction (as indicated by negative structural relevance scores), it becomes evident that
the correct ranking of contacts [114, 148] has a serious influence on reconstruction qual-
ity and should be considered for the design and training of contact prediction techniques.
Potentially, increased structural relevance and capabilities to compensate false positive pre-
dictions (or mutations) cannot only be observed for in silico reconstruction, but may be also
influence the in vivo folding process. The insignificant association of evolutionary couplings
and structural relevance scores suggests that the most relevant contacts may not be easy
to predict but can contribute significantly more information needed for the successful re-
construction of a protein.
4.2.3. ANALYSIS OF EARLY FOLDING AND HIGHLY STABLE RESIDUES
A direct connection to particular folding and stability characteristics is provided by the an-
notation of EFR which initiate and guide the folding process. However, according to the
structural relevance score no change can be observed for EFR (Table 4.2). Contacts of HSR
exhibit a significant increase in structural relevance compared to unstable contacts [8]. It
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Table 4.3.: Reconstruction Error Introduced by False Positive Contacts
false positive contacts [%] µbest x̃best µrandom x̃random
0 3.479 3.360 3.839 3.840
1 3.498 3.390 3.903 3.910
2 3.598 3.510 3.971 3.965
3 3.665 3.600 3.996 3.965
4 3.808 3.765 4.135 4.140
5 3.840 3.765 4.117 4.120
6 3.882 3.820 4.211 4.240
7 3.931 3.890 4.229 4.225
8 4.028 4.030 4.256 4.300
9 4.038 4.040 4.292 4.330
10 4.140 4.110 4.354 4.400
For increasing rates of false positive contacts the reconstruction performance using 30% of
the native contacts are given. µbest refers to the average performance using the most relevant
contacts, µrandom to that using a random selection of contacts. x̃ describes the median of the
corresponding population. In all cases, the performance of the best bin is significantly better
than that of a random selection.
is remarkable that contacts of EFR show no increase in structural relevance despite their
presumed role for the protein folding process [11, 174]. A possible interpretation is that EFR
primarily define stable, local structures [11, 174] due to their occurrence in sequence regions
associated to high backbone rigidity [20]. They form defined sequence regions with fewer
possible backbone conformations and produce pivotal secondary structure elements [20].
Therefore, EFR define the folding nucleus of a protein and sequentially encode the ordered
secondary structure elements formed first. However, crucial contacts between these sec-
ondary structure elements may be mediated by other residues which are not necessarily
EFR themselves but may occur in secondary structure elements containing EFR [20].
Another aspect of this data is the annotation of residues which are strongly protected in
stability measurements [8]. Such residues occur in stable, local structures and their con-
tacts are beneficial to reconstruction performance. EFR constitute more rigid backbone
fragments; thus, these residues may occur in regions which lowered conformational en-
tropy. The decreased flexibility may enforce specific contacts between distant protein re-
gions which need to form contacts crucial for the formation and stabilization of the native
structure. The importance of ordered secondary structure elements with above average
stability has been described e.g. for the assembly of helices [175].
The defined-pathway model [176, 18, 19] describes protein folding as a deterministic,
hierarchic process. EFR occur in regions which autonomously fold first relative to the
rest of a protein. Furthermore, this tendency does not depend on tertiary contacts in
a protein structure, but is rather the direct consequence of the local sequence composi-
tion [20, 13, 11]. These stable, local structures may be secondary structure elements [13]
or larger autonomously folding units also referred to as foldons [18]. In a stepwise process,
such local structures will subsequently establish tertiary contacts and assemble the native
conformation of a protein [82, 177, 18]. The employed reconstruction method directly con-
siders secondary structure elements, which are used as additional constraints. Therefore,
most secondary structure elements should be represented successfully which may explain
why long contacts are particularly important for structural integrity. It is also reasonable that
the structural relevance of a contact increases with the distance at the sequence level, be-
cause such constraints do not only enforce the correct placement of both residues but also
have an indirect positive impact on the correct conformation of residues in between.
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4.2.4. DISRUPTION TO CYTOCHROME C INDUCES MOLTEN GLOBULE STATE
Ground truth on the structural importance of individual contacts is difficult to find – as a case
study cytochrome c is used which is also element of the dataset. Cytochrome c (Figure 4.6)
contains two Ω-loops which are stabilized by a hydrogen bond between HIS-26 and PRO-
44. This contact is considered structurally relevant, because disruptions to it have been
shown to induce a molten globule state [178, 179]. Particularized folding studies [105] have
also identified the N- and C-terminal helices as foldons, i.e. autonomously folding units
which initiate and guide the folding process. Besides that, wide parts of the structure are
constituted of coil regions and fixate a heme ligand, thus potentially exhibiting increased
structural flexibility.
The computed structural relevance of many residues of cytochrome c is neutral or even
negative. Especially coil regions feature contacts which tend to decrease reconstruction fi-
delity. Remarkable are the high structural relevance scores of HIS-26 and GLY-45 as well
as their direct contact for which the score amounts to 0.172 Å (rendering it the fifth most
relevant contact). No structural relevance is reported for PRO-44 as it does not participate
in any contacts according to the employed contact definition, though both groups are posi-
tioned in a way which would allow them to form a hydrogen bond. In literature [178], the
contact between HIS-26 and PRO-44 is reported as crucial for the correct conformation of
cytochrome c. Disruptions will result in a loss of structure [178], though the relevance of
PRO-44 may also be attributed to the backbone rigidity introduced by the proline residue.
The detection of relevant contacts and positions is fuzzy [29], but the high scoring contact
between HIS-26 and GLY-45 implies the importance of a contact between both Ω-loops for
successful protein folding as well as structure reconstruction. Between GLY-29 and MET-80
the most relevant contact is located which increases reconstruction fidelity by 0.563 Å on
average. This contact occurs between two unordered coil regions as well and implying that
some structural information on the correct arrangement of these unordered protein parts
is crucial for a successful reconstruction. Mutations to HIS-33 have been demonstrated to
show no effect [178] which is also captured by slightly negative structural relevance score
of -0.015 Å. Both N- and C-terminal helix contain residues with high relevance, especially
in regions where both helices interact. The importance of these helix contacts has been
shown previously [180]. The role of both helices as foldons [105] points to a high intrinsic
stability.
The structural relevance score successfully spots contacts and residues crucial for struc-
ture integrity as shown in experiments [178, 105, 180]. The previously described contact
between HIS-26 and PRO-44 [178] is absent as the result of a too strict contact definition,
yet the necessity of structural information in this region is captured nevertheless.
4.3. CONCLUSION
CMs are one of the most prominent tools in today’s structural bioinformatics [124, 139],
though mere knowledge of residue contacts can neither describe all events of the protein
folding process [175] nor is it the optimal basis of structure prediction techniques [123]. It
is demonstrated that native contacts in a protein structure are not of equal importance for
the reconstruction of the tertiary structure from this reduced representation. A more fine-
grained interpretation of CMs can be achieved by the consideration of structural relevance
scores. Contacts of high structural relevance tend to be unique contacts for which no backup
exists as it is the case for the contact between two Ω-loops in cytochrome c [178]. The
importance of this contact for the structural integrity also implies that high structural rel-
evance scores may capture crucial positions for structure stability. Another implication of
high scoring contacts lies in fold recognition as they may be the footprint of particular pro-
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Figure 4.6.: Cytochrome C Colored by Structural Relevance
(A) Depicted is PDB:1hrc_A. Residues with high structural relevance are depicted in green,
those with negative structural relevance are rendered in red. For gray residues no contacts
were observed, and no structural relevance scores are reported. It has been shown in experi-
ment that disruptions to the hydrogen bond between HIS-26 and PRO-44 will induce a molten
globule state when the association between bothΩ-loops is disrupted [178, 179]. StructureDis-
tiller reports high relevance for HIS-26, GLY-45, and the contact both share (yellow dashed line),
though no direct contact is detected between HIS-26 and PRO-44 due to the employed con-
tact definition. HIS-33 has been described as variable position lacking any structurally relevant
contacts [178] and this observation is manifested in the low structural relevance score of this
residue. The N- and C-terminal helices exhibit high structural relevance, especially for residues
which constitute their interface. Both helices have been shown to be foldons which initiate the
folding process of cytochrome c [105]. Other parts of the structure are primarily composed by
coil regions, fixate a heme ligand, and show low structural relevance. (B) Per residue structural
relevance as line chart. The standard deviation is given for each point. Residues without con-
tacts exhibit a relevance of 0 Å.
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tein folds.
Coevolution or SML techniques are the basis for the prediction of CMs [141, 124, 135].
Conventionally, contact predictors are designed and trained on collections of all native con-
tacts in a dataset. Subsequently, the most reliable contacts are selected from all predic-
tions; the size of this subset depends on sequence length [117]. This study shows that
these subsets drastically change in meaningfulness as indicated by reconstruction fidelity.
An implication is that it is not the optimal strategy to consider a random subset of contacts,
but that prediction accuracy and information per contact may be increased when explicitly
the contacts with the highest structural relevance scores are considered. Especially, coevo-
lution techniques struggle with transitive predictions: if there is a signal between residue
A and B as well as B and C, then it is likely that for the pair A and C a signal is reported
too [140, 141]. Machine learning also comes at a price: an increase of true positive pre-
dictions involves more false positives and the consideration of all contacts may lead to a
decrease in generalizability. Contact maps and reconstruction algorithms can compensate
some false positive predictions [17], but errors in prediction methods tend to be correlated
and hinder reconstruction more than random noise [112]. Regardless of the particular ap-
proach, it may be beneficial when predictors do not try to cover all native contacts but focus
only on the most relevant ones. This would decrease the number of predicted contacts but
may increase the reliability of their prediction by avoiding both false positive predictions and
emphasizing contacts which promise to improve reconstruction fidelity the most while ig-
noring those which contribute only marginally.
Residues in a protein are covalently bound and constraints on a residue will also affect
neighboring residues. Thus, the mapping of complex information as the structural relevance
to individual contacts should be considered with a grain of salt [29]. One of the most del-
icate aspects when handling CMs is the used contact definition [16, 123]. Particularly, the
distance-based contact definition employed in this study does not imply chemically relevant
contacts between atoms (such as hydrogen bonds or hydrophobic interactions). The cho-
sen cutoff is rather rigorous and will ignore some meaningful contacts; a relaxation of this
cutoff will encompass more contacts but also increases computation time. In some cases
such as the assembly of helices [181], information of the complex hydrogen bond patterns
has to be considered, which may benefit from a more fine-grained contact definition. An-
other refinement of the proposed protocol is the explicit consideration of residues which
are not in contact. This information has been demonstrated to increase reconstruction fi-
delity [123]. Also, it is natural that the employed reconstruction pipeline [114] as well as
scoring scheme [136] have an effect on the computed scores and may introduce some
form of bias to the proposed scores. The TM-score may be more suited to score recon-
structs because it is independent of protein length and can more intuitively state whether
the correct protein fold was reconstructed [137]. TM-score values are provided as output,
but presented results use the RMSD value because of its widespread use and comparable
results in relation to previous studies [14, 15, 16]. Furthermore, the decision to use 30% of
all native contacts to assess the structural relevance may be not generally applicable. The
StructureDistiller algorithm may be improved by determining for each protein structure indi-
vidually where the sweet spot lies between meaningful reconstructs and maximized sensi-
tivity.
In summary, a way to assess the structural relevance of individual contacts and residues
is presented. This constitutes a substantial broadening of the toolkit available for the inter-
pretation of CMs and protein structures in general, while making the connection of CMs and
tertiary structure more concrete. Results of the StructureDistiller algorithm may enhance
contact prediction techniques [140, 139, 121, 135], CM evaluation [117, 148], reconstruction
algorithms [114], quality assessment programs for the yielded models [182], statistical po-
tentials, and may even give particularized insights into the protein folding problem itself [15].
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On a general level, the dataset of EFR and HSR [8] provides valuable information to con-
verge on the protein folding problem [163, 13]. The Start2Fold dataset [8] enables the direct
connection of protein folding and structure prediction which is furnished by CM represen-
tations. It is implied that EFR may initiate protein folding and determine the order in which
local structures are assembled [18, 19] but they are of average relevance in terms of struc-
tural relevance. HSR may not fold early but constitute regions of a protein which prevent
spontaneous unfolding. Interestingly, regions of HSR are of high relevance for the formation
and stabilization of the correct protein fold. Furthermore, hydrophobic interactions, contacts
of ordered secondary structure elements, as well as long-range contacts promote structural
integrity.
Maybe the protein folding problem is not solvable without understanding how protein
structures can be predicted reliably. Indeed, both problems are often described to be two
sides of the same coin [27] and structure prediction did provide new insights into the fold-
ing process before [21, 57]. Additional tools are needed to make the connection of pro-
tein sequence and structure more tangible and StructureDistiller provides just that. The
algorithm allows a novel fine-grained interpretation of contact maps and may improve their
interpretability. Applications of the proposed algorithm are not limited to the Start2Fold
database [8], it can be used for the analysis of arbitrary protein structures, e.g. to assess
structural effects of mutations at certain residue positions. Following a new paradigm, the
interface between protein folding and structure prediction [27] may be explored in detail.
61
5. CHARACTERIZING THE RELATION
OF FUNCTIONAL AND EARLY
FOLDING RESIDUES IN PROTEIN
STRUCTURES
Bittrich, S., Schroeder, M., & Labudde, D. (2018). Characterizing the
relation of functional and Early Folding Residues in protein structures
using the example of aminoacyl-tRNA synthetases. PloS one. 13(10),
e206369.
This Chapter is Based on the Publication:
Bittrich, S., Heinke, F., & Labudde, D. (2016). eQuant – A Server
for Fast Protein Model Quality Assessment by Integrating High-
Dimensional Data and Machine Learning. In Beyond Databases, Ar-
chitectures and Structures. Advanced Technologies for Data Mining
and Knowledge Discovery (pp. 419-433). Springer, Cham.
This Chapter Employs Methods from:
62
The events of the earliest stages of folding are enigmatic [102, 103, 72]. EFR are the
residues which fold first during the folding process and are a resource to address an in-
tegral question: are the experimental signals of EFR transient implying that EFR are only
relevant in the early stages of the folding process or will EFR also exhibit distinct character-
istics in the successfully folded, native conformation?
It is unknown what sequence features causes particular residues to fold early and how
these residues contribute to the formation of the native structure (Figure 5.1A). EFR are
connected to the defined-pathway model and provide an opportunity to understand the
driving forces behind the formation of stabilizing local structures as well as the formation of
tertiary contacts [18, 13].
Figure 5.1.: The Relation of Early Folding and Functional Residues
(A) During the folding process, an extended protein chain passes the transition state and forms
a native structure [28]. (B) Protein structures are represented as graphs to derive topological de-
scriptors of residues. Amino acids constitute nodes, whereas residue contacts are represented
as edges. EFR are structurally relevant residues which participate early in the folding process by
forming local contacts to other residues. They are separated from functional residues which are
primarily ligand binding sites and active sites as derived from UniProt [173]. EFR show a great
number of tertiary contacts which furnish the spatial arrangement of protein parts despite be-
ing far apart at sequence level.
Several novel structural features are employed for the characterization of EFR. Especially,
the Energy Profiling approach, topological descriptors based on residue graphs, and the ex-
plicit consideration of non-covalent contact types provide a new level of information in order
to describe the folding process. EFR exhibit lower, more stable computed energies in their
Energy Profile [183, 182]. Network analysis reveals that EFR are more connected to other
residues and that they are located at crucial positions in the residue graph (Figure 5.1B). This
distinct wiring to the rest of the protein is especially furnished by hydrophobic interactions.
EFR are likely structurally relevant for the correct protein fold [11]. This information is used
to demonstrate that many proteins separate structurally relevant residues from functional
residues (Figure 5.1B).
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5.1. MATERIALS & METHODS
5.1.1. DATASET CREATION
Folding characteristics of residues were obtained from the Start2Fold database [8]. Therein,
the authors adopted the definition of EFR from Li et al. [87] and presented a refined dataset
which ignores possible back-unfolding and aggregation events [184]. The database covers
all structural protein families present in the CATH and SCOP databases [11]. However, the
size of the deposited proteins [8, 11] varies from 56 to 164 residues (Table 5.1) which makes
this resource primarily relevant for the folding of similarly small proteins. Because local se-
quence features determine where EFR are located, this characteristic may be independent
of sequence length and applicable for a wider range of proteins. The original dataset con-
tains two groups of similar sequences of lysozymes (PDB:1hel_A, PDB:1lz1_A, PDB:2eql_A)
and apo-myoglobins (PDB:1mbc_A, PDB:1ymb_A). In these cases, we only considered the
structure with the highest resolution.
This procedure resulted in a dataset for EFR characteristics encompassing 27 proteins and
2,966 residues – 450 (15.2%) of the EFR class and 2,516 (84.8%) of the LFR class. Due
to the nature of the HDX experiments no data can be obtained for proline residues which
feature no amide group susceptible to HDX [96], rendering them LFR in any case. Anno-
tation of functional residues was performed using the structure integration with function,
taxonomy and sequences resource (SIFTS) [185] and UniProt [173] resource. We collected
entries in the “Function” and “Family & Domains” section when they were associated to
protein function. For 22 proteins an annotation of functional residues existed, totaling in
2,490 residues – 152 (6.1%) classified as functional and 2,338 (93.9%) as non-functional.
Residues annotated as functional are summarized in S4 File of the corresponding publica-
tion [174] which contains a description of the matched XML tags of functional residues.
5.1.2. GRAPH REPRESENTATION AND ANALYSIS
Protein structures are commonly represented as residue graphs: amino acids constitute the
nodes and contacts between residues are represented as edges [186, 187, 188]. This allows
a scale-invariant characterization of the neighborhood relation of individual amino acids in
the context of the whole protein [187].
In this study, amino acids constitute the nodes of a graph, whereas covalent bonds and
residue contacts are represented as edges. Residues were considered in contact when
their Cα atoms were less than 8 Å apart. Furthermore, contacts were labeled as either
local (i.e. the separation in sequence is less than six) or tertiary (i.e. sequence separation
greater than five) [123]. This distinguishes contacts stabilizing secondary structure elements
and those which represent contacts between secondary structure elements. The set of
distinct neighborhoods of a node is defined as all adjacent nodes which do not share any
local edge to any element of the set. Betweenness is defined the number of shortest
paths on the graph passing through a specific node, normalized by the number of node
pairs [189, 186]. Closeness of a node is defined as the inverse of the average path length to
any other node [190]. The clustering coefficient of a node is the number of edges between
its nk adjacent nodes divided by the maximal number of edges between nk nodes: 0.5 · nk ·
(nk − 1) [186]. All topological properties are represented graphically in Figure 5.2.
5.1.3. ENERGY PROFILING
In contrast to the bottom-up approach provided e.g. by quantum chemistry, coarse-grained
energy models evaluate datasets of protein structures and apply this knowledge to approx-
imate the energy of other protein structures [191].
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Table 5.1.: Early Folding Residue Dataset Summary
Start2Fold PDB UniProt residues early functional int. shift
STF0001 2abd P07107 86 39 9 5 1.07%
STF0004 1mbc P02185 153 12 2 0 -0.10%
STF0006 1am7 P03706 154 29 1 0 -0.12%
STF0008 1coe P60770 62 6 2 0 -0.31%
STF0009 1a64 P08921 94 19 27 8 2.70%
STF0010 1hce P13231 118 10 - - -
STF0011 5dfr P0ABQ4 154 5 22 0 -0.46%
STF0012 9pcy P00287 99 6 4 0 -0.24%
STF0014 1lz1 P61626 130 13 2 0 -0.15%
STF0015 1onc P22069 104 31 7 2 -0.08%
STF0016 1omu P68390 56 4 2 0 -0.26%
STF0018 1f21 P0A7Y4 152 16 4 1 0.38%
STF0019 1ygw P00651 104 13 3 1 0.60%
STF0020 1joo P00644 149 9 6 1 0.43%
STF0021 2lzm D9IEF7 164 7 8 1 0.40%
STF0023 1hrc P00004 104 13 4 0 -0.48%
STF0024 1rg8 P05230 141 38 18 2 -2.02%
STF0025 1e3y Q13158 104 24 - - -
STF0026 1hrh P03366 125 13 4 0 -0.33%
STF0028 2vil P02640 126 31 8 0 -1.56%
STF0037 2crt P60301 60 12 - - -
STF0038 5pti P00974 58 7 2 0 -0.42%
STF0040 1pga P06654 56 26 - - -
STF0043 1i1b P01584 151 21 6 0 -0.55%
STF0044 2ptl Q53291 78 12 - - -
STF0045 1bdd P38507 60 20 - - -
STF0046 1rbx P61823 124 14 11 1 -0.20%∑
2,490 346 152 2 0.04%
Summarizes identifiers [8] of each entry as well as the number of residues in the correspond-
ing protein chain, the number of EFR and functional residues as well as the cardinality of the
intersection of both sets.To assess the relevance of the observed intersection it was compared
to the expected intersection. Negative shift values occur when the observed intersection is
smaller than that expected by the individual frequencies of EFR and functional residues. Posi-
tive values are observed when the overlap is more pronounced than to be expected. Proteins
not containing any functional residues according to UniProt [173] are marked with dashes. In
all cases, chain A of the protein was considered.
Coarse-grained energy models are based on statistical preferences of residues or atoms
to adopt distinct states. They can be expressed as an energetic term according to the in-
verse Boltzmann’s law and are also referred to as potentials of mean force [192, 193, 191,
194, 195]. A common approach is e.g. the distinction of residues which are exposed to the
solvent and those which do not interact with the solvent at all, because these residues are
buried in the hydrophobic core of a protein [183]. Intuitively, these propensities change be-
tween amino acids. Hydrophobic ones such as phenylalanine or methionine prefer isolation
from the polar solvent, whereas hydrophilic amino acids such as arginine or glutamate can
energetically favorably interact with surrounding water molecules but not with hydrophobic
amino acids or lipid molecules of the cell membrane. The derived values are not directly
related to physical energy values; however, their applicability has been proven in problems
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Figure 5.2.: Topological Properties Used for the Characterization of Early Folding Residues
The betweenness describes how many shortest paths pass through a node [189, 186]. The
closeness is the inverse of the average path length to all other nodes [190]. The clustering
coefficient states how well-connected adjacent nodes of a node are [186]. The distinct neigh-
borhood count captures how many sequentially separated regions are connected by a residue.
of molecular docking [196], threading and fold recognition [197, 191], homology model-
ing [194], and model quality assessment programs [194, 198, 182].
There are various ways of implementing and parameterizing such coarse-grained energy
models [193, 199, 198] with their differences boiling down to the exact definition of what
constitutes a contact between residues. All approaches share the fact that they are merely
models of reality and all have advantages and drawbacks. The approach of so-called Energy
Profiles [183] is another coarse-grained model which the major advantage that a full-fledged
ecosystem of methods for the computation from structure, prediction from sequence (by
the eGOR method), and the alignment of Energy Profiles exists. All this functionality is
provided by the energy profile suite (eProS) [183].
Energy Profiles were calculated from structure and predicted from sequence according to
the methodology [183] used in the eQuant web server. For each amino acid, the respective
propensity of it to occur exposed to the solvent or buried in the hydrophobic core was
determined. A residue i is categorized as buried if:
||Cα,i − c|| < 5 Å ∨ (Cα,i − Cβ,i )(Cα,i − c) < 0 (5.1)
Thereby, c refers to the centroid of all Cα atoms less than 5 Å away from Cα,i . Using this
criterion, the absolute counts for each amino acid to occur exposed (naa,exposed ) or buried
(naa,buried ) are determined. These propensities can be expressed as pseudo-energies ac-
cording to the inverse Boltzmann’s law:
ei = −kBT · ln
naa,buried
naa,exposed
(5.2)
The energy of a residue i is defined as the sum of these pseudo-energies for all pairs of
interacting residues:
Ei =
∑
j∈S\i
g(i , j)(ei + ej ) (5.3)
Interactions are defined by the function g(i , j) as residues for which the distance of the
Cβ atoms is less than 8 Å – the position of the Cα atom is used as fallback for glycine.
In summary, Energy Profiles describe each residue by an energy value which captures the
surrounding of each residue.
The eQuant web server takes protein structure in PDB format as input and computes the
likely structural uncertainty of each residue (i.e. local quality assessment in Figure 5.3). Sev-
eral structural features are computed to calculate features describing each residue. Subse-
quently the local error of each residue is calculated by the random subspace method [200]
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implemented in Waikato environment for knowledge analysis (Weka) [201, 202, 203]. This
information is then used to compute the global quality score of the entire protein which is
related to scores of proteins of similar size for comparability.
Figure 5.3.: User Interface of the eQuant Web Server
eQuant analyzes the quality of protein structures and in silico models. For the global quality
assessment (left panel), the overall score is compared to proteins of similar size. The structure
is furthermore colored by the local quality scores (central panel). The computed local per-residue
error values are plotted as line chart (right panel). All plots are interactive: hovering over certain
positions in the line chart will highlight the appropriate residues in the structure and vice versa.
5.1.4. FEATURE COMPUTATION
RASA values were computed by the algorithm of Shrake and Rupley [166]. Buried residues
are defined as those with RASA values less than 0.16 [168]. Non-covalent residue-residue
contacts were detected by PLIP [37]. Secondary structure elements were annotated using
DSSP [167]. For both ASA and secondary structure element annotation the BioJava [164,
165] implementations were used. The loop fraction is defined as fraction of unordered sec-
ondary structure in a window of nine residues around the evaluated amino acid [204]. This
yields a fraction, where high values are tied to regions of high disorder, whereas amino
acids embedded in α-helices or β-sheets result in scores close to zero. The centroid dis-
tance of a residue is the spatial distance of its centroid to that of all atoms. The terminus
distance is the minimal value of sequence positions to either terminus divided by the num-
ber of residues. Evolutionary information as well as evolutionary co-variation scores were
computed using the EVfold web server [140, 141]. The evolutionary information is based
on the MSA of homologues automatically retrieved for the query sequence and expresses
how conserved a column in this MSA is.
5.1.5. STATISTICAL ANALYSIS
The Start2Fold database [8] was utilized to assess whether the separation EFR and func-
tional residues is a common theme in protein structures.
Various features were used to describe residues of the dataset and it was tested whether
these features differ significantly between EFR and LFR as well as EFR and functional
residues. In both cases, p-values were computed on the subset of buried residues (RASA
less than 0.16 [168]), because EFR tend to be buried in the hydrophobic core of proteins [13]
whereas functional residues are likely exposed to the solvent. All tables present the average
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and standard deviation of the considered features for all residues and the corresponding p-
value for the subset of buried residues. Also, the p-value for buried residues is used when
the level of significance is stated. Dependence of distributions of real-valued variables was
tested by the Mann-Whitney U test. Dependence of distributions of count variables was
tested using the Dunn test with Bonferroni correction. Throughout the manuscript, * corre-
sponds to significant p-values <0.05 for the Mann-Whitney U and p-values <0.025 for the
Dunn test. A variation of conventional boxplots is used, which depict a notch around the
median of the distribution. This notch corresponds to the 95% confidence interval and al-
lows to visually assess whether the medians of two boxes are similar. No overlap of notches
indicates that both medians differ substantially [205].
5.2. RESULTS & DISCUSSION
A previously described dataset [8] of 27 proteins and 2,966 residues is the basis of this
chapter and summarized in Table 5.1. 450 (15.2%) of the residues are labeled as EFR,
the remaining residues are considered LFR. Hydrophobic amino acids have been previously
described to have a higher propensity of being EFR [13].
To characterize EFR in more detail, various features were defined and compared to the
values of LFR. EFR form a significantly greater number of residue-residue contacts (i.e.
distance less than 8 Å) than their LFR counterparts (Figure 5.4A). The loop fraction is defined
as the ratio of unordered secondary structure elements in a window centered on a particular
residue [204]. Fewer unordered secondary structure elements can be found around EFR
(Figure 5.4B), whereas LFR exhibit a higher propensity to occur in coil regions. EFR are
on average closer to the centroid of a protein structure and are likely embedded in the
hydrophobic core (Figure 5.4C). Analogously, they also tend to be more distant to the N- or
C-terminus of the sequence than other residues and are likely buried regarding their RASA
as per Table 5.2.
Figure 5.4.: General Properties of Early and Late Folding Residues
(A) EFR (dark blue) form more contacts to their surroundings than LFR (light blue). (B) The
loop fraction [204] is the ratio of unordered secondary structure elements which are observed
in a windows of nine amino acids around a residue. EFR are more commonly surrounded by
ordered secondary structure elements. (C) EFR are located significantly closer to the centroid
of the protein than LFR.
The propensity of EFR to participate in more contacts and to occur in the core of a pro-
tein are in agreement with previous studies [13, 18, 186, 20]. The shift in loop fraction can
also be attributed to these findings and is further substantiated by the fact that long ordered
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Table 5.2.: Statistical Characterization of Early Folding Residues
feature µearly σearly µlate σlate pburied level
# contacts 11.12 2.46 9.02 2.92 0.0004 *
loop fraction 0.22 0.26 0.48 0.33 <0.0001 *
centroid distance [A] 10.28 3.79 14.14 4.81 <0.0001 *
terminus distance 0.27 0.14 0.25 0.15 0.0035 *
RASA 0.16 0.18 0.34 0.26 <0.0001 *
computed energy -17.57 11.63 -9.40 9.86 <0.0001 *
predicted energy -16.89 10.78 -11.07 10.31 <0.0001 *
betweenness 0.06 0.03 0.04 0.03 <0.0001 *
closeness 0.32 0.06 0.28 0.06 <0.0001 *
clustering coefficient 0.51 0.10 0.59 0.14 0.5688 -
# distinct neighborhood 2.47 1.53 1.88 1.54 0.0446 *
# local contacts 6.28 1.84 5.82 1.65 0.0532 -
# tertiary contacts 4.85 3.17 3.20 2.96 0.0575 -
# hydrogen bonds 3.85 1.43 2.84 1.79 0.0001 *
# hydrophobic interactions 1.31 1.46 0.65 1.07 <0.0001 *
# coupling 2.8 1.89 1.98 1.88 0.0903 -
cumulative strength 0.72 0.60 0.51 0.57 0.7638 -
coupling strength 2.93 2.13 1.96 2.00 0.0522 -
evolutionary information 40.47 26.01 28.34 26.46 0.0122 *
For each presented feature the mean (µ) and standard deviation (σ) of both the EFR and LFR
category is reported. It was tested whether the differences of a feature between EFR and LFR
state are significant. pburied refers to the p-value of the test on residues buried according their
RASA value, this was done because EFR have a tendency to be located in the core of a protein
and without filtering all differences are significant. The Mann-Whitney U test was used for real-
valued variables, whereas the Dunn test was used for count variables (indicated by #). 2,966
residues in 27 proteins from the Start2Fold database [8] were analyzed. Features and employed
tests are described in Section 5.1.
secondary structure elements tend to contain more EFR [13]. It has been reported that
buried residues are more likely to be EFR [87, 8] which also explains why they are closer
to the spatial centroid of a protein and more separated from sequence termini (Table 5.2).
Evolutionary couplings scores reported by the DCA [140, 141] and evolutionary information
exhibit interesting properties: the reported coupling strength as well as evolutionary infor-
mation of EFR are significantly increased. The relation of evolutionary information and EFR
has been the subject of previous studies [13, 11]. All these factors can neither explain why
some residues become EFR while others do not nor how EFR relate to the rest of a protein
in terms of network analysis.
The computed energy of EFR is significantly lower than the values of LFR.Regarding the
average absolute contact frequencies, a EFR participates in 3.85 hydrogen bonds and forms
1.31 hydrophobic interactions with other residues. This constitutes a significant increase
compared to LFR (see Table 5.2).
The low computed energies indicate that EFR have an intrinsic propensity to form stable,
local conformations. EFR might be the mediators between the formation of local structure
elements and their assembly in the context of the three-dimensional structure. Secondary
structure elements such as helices interact e.g. by hydrophobic interactions [206], how-
ever, it seems that single contacts are neither strong nor specific enough to guide their
assembly [207, 33, 19]. A fine-grained distinction of contact types including π-stacking and
hydrophobic interactions would be required to assess the role of EFR as potential driving
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force behind the correct of arrangement of secondary structure elements.
To gain additional insights, a second population of residues relevant for the folding process
was analyzed (Table 5.3): HSR are residues with superior stability regarding to unfolding
events. These residues may not be relevant for the initial formation of the native structure,
but seem to prevent spontaneous unfolding [161]. Therefore they are a different set of
residues which may be structurally relevant. HSR again show a bias to be buried residues
and assessment of statistical significance leads to similar results as for EFR. Interestingly,
HSR feature an increased number of evolutionary couplings and also show a significant
increase in tertiary contacts (i.e. a characteristic not observed to differ significantly for EFR).
Overall, the characteristics of EFR and HSR are comparable.
Table 5.3.: Statistical Characterization of Highly Stable Residues
feature µstable σstable µunstable σunstable pburied level
# contacts 11.16 2.42 8.84 2.89 <0.0001 *
loop fraction 0.25 0.27 0.50 0.33 <0.0001 *
centroid distance [Å] 10.45 4.09 14.40 4.72 <0.0001 *
terminus distance 0.26 0.14 0.25 0.14 0.0909 -
RASA 0.17 0.19 0.36 0.26 <0.0001 *
computed energy -17.71 11.89 -8.69 9.27 <0.0001 *
predicted energy -16.85 10.92 -10.61 10.09 <0.0001 *
betweenness 0.06 0.03 0.04 0.03 <0.0001 *
closeness 0.32 0.07 0.28 0.06 <0.0001 *
clustering coefficient 0.51 0.10 0.59 0.15 0.6468 -
# distinct neighborhood count 2.51 1.52 1.82 1.53 0.0026 *
# local contacts 6.24 1.85 5.79 1.63 0.3680 -
# tertiary contacts 4.92 3.20 3.05 2.88 0.0030 *
# hydrogen bonds 3.79 1.41 2.77 1.81 <0.0001 *
# hydrophobic interactions 1.25 1.46 0.62 1.02 <0.0001 *
# coupling 2.92 2.01 1.88 1.81 <0.0001 *
cumulative strength 0.77 0.64 0.48 0.55 <0.0001 *
coupling strength 3.05 2.24 1.85 1.91 <0.0001 *
evolutionary information 40.23 26.80 27.43 26.07 0.0056 *
For each presented feature the mean (µ) and standard deviation (σ) of both the HSR and UR
category is reported. pburied refers to the p-value of the test on residues buried according
their RASA value. This was done because HSR have a tendency to be located in the core of a
protein and without filtering most differences are significant. Features and employed tests are
described in Section 5.1.
5.2.1. NETWORK ANALYSIS SHOWS A UNIQUE WIRING OF EARLY FOLDING
RESIDUES
The way residues interact with their spatial surrounding was assessed by network anal-
ysis based on residue graphs. Regarding the topological properties of residues derived
from network analysis (see Figure 5.2 for a graphical depiction), EFR are more connected
than LFR. They exhibit higher betweenness (Figure 5.5A) and closeness (Figure 5.5B) val-
ues. High betweenness values are observed for well-connected nodes which are passed
by many of shortest paths in a graph. High closeness values occur for nodes which can be
reached by relatively short paths from arbitrary nodes. The distinct neighborhood count ex-
presses how many sequentially separated regions of a protein a residue is connected to.
Again a significant increase can be observed for EFR (Figure 5.5C). Residues are considered
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separated when they are more than five sequence positions apart. This threshold was also
used to distinguish local contacts (i.e. less than six residues apart) and tertiary contacts.
Interestingly, the clustering coefficient features a significant decrease when EFR are con-
sidered. The clustering coefficient of a node is the number of edges between its adjacent
nodes divided by the theoretical maximum of edges these nodes could form. However,
EFR are biased to be in the core of the protein [13], thus, it was assessed if this change is
also significant when only buried [168] residues are considered. The differences regarding
the clustering coefficient are insignificant in that case (see Table 5.2).
Figure 5.5.: Topological Properties of Early and Late Folding Residues
Proteins were represented as residue graphs and network analysis was performed. (A) EFR
have higher betweenness values implying that shortest paths in the graph tend to pass through
these nodes more often. (B) They also exhibit higher closeness values because their average
path length to other nodes is lower. (C) The distinct neighborhood count of a residue describes
to how many separated regions it is connected. Residues are considered separated when their
separation at sequence level is greater than five. EFR connect significantly more regions of a
protein than LFR.
The betweenness property is closely related to the small-world characteristics of net-
works (i.e. they are well-connected even when between most nodes no edge is present)
and can be observed in this case due to the ratio of protein surface and volume [186].
Residues relevant for the folding process have been shown to exhibit high betweenness
values in the transition state and to be crucial for the formation of the folding nucleus [186].
Interestingly, the clustering coefficient shows no difference between EFR and LFR when
only buried residues are considered. Also, the value is higher for LFR, which is probably an
effect of EFR being hubs which connect several separated regions of a protein (as shown by
the distinct neighborhood count). These regions themselves are not well-connected, which
results in a lower clustering coefficient for EFR. The performed network analysis aids the
understanding on the idiosyncratic properties of EFR in the context of the whole protein and
is in agreement with previous studies [186, 94, 208]. EFR are hubs between sequentially
distant protein regions which underlines their importance for the correct assembly of the
tertiary structure of a protein. Nevertheless, the increased number of local and tertiary con-
tacts of EFR point to their importance for the whole protein folding process as described
by the defined-pathway model [18, 19]. The protein folding process is difficult to study due
to various aspects such the existence of disordered proteins [209, 20], the relevance of
chaperons [209], cotranslational folding [86], and the insertion of membrane proteins by the
translocon [206, 210]. EFR are a welcome simplification to advance the understanding.
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5.2.2. EARLY FOLDING AND FUNCTIONAL RESIDUES EXHIBIT DISTINCT
FEATURES
Division of labor is one of the most successful strategies of evolution [211, 24, 23, 22]. The
separation of residues crucial for folding and those furnishing function may allow reuse of
established protein folds [24, 212, 23, 22]. The sequence and structure space ascertained
over the course of evolutions seems small for a truly random exploration. Reusing estab-
lished folds could also avoid slow-folding sequences or those prone to aggregation [102,
212, 213]. There seems to be a delicate balance in proteins between robustness and evolv-
ability [24, 214, 55]. Functional residues [25] can be mutated and new functions can be
adapted without compromising the fold of the protein [111]. In consequence, a clear di-
vision should be observable between EFR – which initiate and guide the folding process –
and the functional ones implementing protein function.
To address this question, residues in the dataset were labeled as either EFR or LFR as
well as either functional or non-functional. Active sites and ligand binding regions were
considered to be the functional parts of proteins. The distribution of both binary variables
(Table 5.4) shows that the majority of residues in the dataset are neither EFR (86.1%) nor
functional (93.9%) residues. 0.9% share both classes, whereas 0.8% are expected to share
both classes if their association was random (see Section 5.1.5). The distribution of both
variables separated by individual proteins is presented in Table 5.1. For many proteins, no
residues are both EFR and functional (Figure 5.6A). Furthermore, EFR tend to be located
in the core of proteins, whereas functional residues are exposed towards the solvent in
order to realize their respective function (Figure 5.6). The acyl-coenzyme A binding protein
(STF0001) [215, 216] features five residues which are both EFR and functional (Figure 5.6B).
Another case where the overlap is large is T-cell surface antigen CD2 (STF0009) which can
bind other protein antigens.
Table 5.4.: Contingency Table of Early Folding Characteristics and Functional Relevance
functional non-functional
early 22 324
late 130 2,014
Out of 2,490 observations, 0.9% are EFR and functional at the same time. Based on the pre-
sented frequencies, 0.8% of all residues are expected to share both labels if their association
is independent. This captures that a separation of EFR and functional cannot be observed in
general. Proteins were excluded when no annotation of functional residues existed.
The acyl-coenzyme A binding protein may exhibit five residues which are both EFR and
functional because its a rather small protein of 86 residues which binds ligands with large
aliphatic regions. Intuitively, the residues furnishing the bowl-like shape of the protein are
also those which participate in the function of ligand binding [215, 216]. Roughly half the
residues of the acyl-coenzyme A binding protein are marked as EFR which further accentu-
ates why no separation can be observed in this case. Exceptionally well-separated are EFR
and functional residues in the fibroblast growth factor 1 (STF0024) and Villin-1 (STF0028).
The first protein contains a large number of EFR distributed throughout the sequence and a
large functional heparin-binding region which are distinct at sequence level. Villin-1 exhibits
a similar distribution of EFR and features a C-terminal polyphosphoinositide binding region
which contains no EFR. In both cases, the functional sites bind other molecules. This char-
acteristic is commonly associated to increased structural flexibility [217] which may explain
why EFR rarely occur there. The primary selection pressure during evolution is on protein
function [4] rather than on structural integrity [218]. In cases where a certain position is
crucial for function, slower folding is tolerated which implies that structure and folding are
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Figure 5.6.: Rendered Structures of Two Dataset Entries
EFR are rendered in blue, functional residues are rendered in orange. (A) In the case of lysozyme
(PDB:2eql_A) the intersection of EFR and functional residues is empty. For most proteins in the
dataset, there is a clear distinction between both classes and structurally relevant residues have
a propensity to be located in the core, while functional residues are exposed on the surface
of the protein. (B) Five residues are both EFR and functional in the acyl-coenzyme A binding
protein (PDB:2abd_A) which is one of the exceptions in the dataset where some residues are
both EFR as well as functional.
subordinated to function [55]. Disordered proteins are another example of proteins without
structural integrity which achieve a high robustness of function [188]. In structural biology,
structure is considered to be a scaffold which allows proteins to implement a particular func-
tion [188, 4]. During evolution, it is most important that proteins retain their function [219, 4]
and this may even require an explicit lack of a defined structure or structural flexibility [217].
This potential irrelevance of a particular fold underlines that the separation of structurally and
functionally relevant residues may be advantageous for evolvability. However, cases have
been described where it is advantageous to place functional residues close to residues
ensuring structural integrity in order to maintain protein function over the course of evolu-
tion [29]. Another interpretation with respect to the defined-pathway model [18] is that EFR
initiate and guide the folding process – though other residues may be of higher structural
relevance in the native structure. Nevertheless, by assigning this responsibility to a small
number of residues, the remaining residues can constitute active sites.
Interestingly, the separation of structurally relevant residues and those implementing pro-
tein function can also be observed for HSR (Table 5.5). Therein, the expected frequency of
residues sharing both the functional label and that of HSR is higher than the overlap actually
observed. This substantiates the previous finding from a different point of view.
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Table 5.5.: Contingency Table of Highly Stable Characteristics and Functional Relevance
functional non-functional
stable 28 510
unstable 124 1,828
Out of 2,490 observations, 1.1% are HSR and functional at the same time. Based on the pre-
sented frequencies, 1.3% of all residues are expected to share both labels if their association
was independent. This captures the tendency to separate HSR and functional residues. Pro-
teins were excluded when no annotation of functional residues existed.
The previously described features were employed to substantiate the identified sepa-
ration of structure and function at residue level (Table 5.6). EFR show significantly lower
computed energies when compared to LFR or functional residues (Figure 5.7A). Functional
residues exhibit higher computed energies than their non-functional counterparts. Most
residues form only a small number of hydrophobic interactions, however, the number is sig-
nificantly increased for EFR (Figure 5.7B). 97.6% of EFR form hydrogen bonds and 65.1%
participate in hydrophobic interactions. Functional residues participate to 88.8% in hydro-
gen bonds and to 39.5% in hydrophobic interactions. On the contrary, the change between
the hydrogen bond count of EFR and functional residues in a buried state is insignificant
(Table 5.6). The clustering coefficient of a node captures how many edges can be observed
between the adjacent nodes and, thus, describes how well-connected the direct surround-
ings of a node are. Functional residues show an insignificant change regarding this prop-
erty (Table 5.6). In contrast, the clustering coefficient significantly decreases when EFR are
compared to LFR or functional residues (Figure 5.7C). In summary, EFR exhibit distinct prop-
erties compared to functional residues. Their surrounding secondary structure elements,
computed energy values, and the number of hydrophobic interactions are especially charac-
teristic. In terms of evolutionary information, functional residues exhibit a significant change
compared to non-functional residues (Table 5.6). When buried, evolutionary information of
functional residues amounts to 43.39 compared to 42.40 for EFR. LFR and non-functional
residues are less conserved at sequence level.
Due to their purpose, EFR are located in the hydrophobic core and functional residues
are primarily exposed to the solvent. These distinct requirements manifest in the com-
puted energies. Furthermore, protein function can commonly be broken down to amino
acids which feature hydrophilic, chemically functional groups [25]. Hydroxyl groups are a
prominent examples for functional groups contributing to catalysis [25]. Thus, functional
residues are likely to exhibit above average computed energies because of their higher
propensity to contain hydrophilic side chains. Analogously, fewer hydrophobic amino acids
constitute the functional residues of binding sites and they form fewer hydrophobic inter-
actions. Most of the hydrophobic interactions are accumulated in the hydrophobic core of
a protein [27, 183, 220]. EFR tend to be crucial connectors in proteins, however, their clus-
tering coefficient is low. This can be attributed to the fact that EFR connect many distinct
neighborhoods. Furthermore, functional residues feature above average closeness values:
they are well-connected to other parts of the protein, even though they are unaffected by
the early folding events. It was shown that functional residues have special requirements
on how they are wired to the rest of a protein [190]: surrounding residues ensure the cor-
rect placement of functional residues [221, 222, 190], modulate their chemical properties
such as pK a values [25, 223, 190], or propagate signals to other parts of a protein [190].
Analogously, the evolutionary pressure on functional residues is increased compared to
EFR and non-functional residues as indicated by the evolutionary information (Table 5.2).
In particular, catalytic activity of amino acids can be broken down to functional groups of
their side chain [25]. The hydroxyl side chain of serine may be substituted by threonine
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Figure 5.7.: Characteristics of Early Folding and Functional Residues
EFR (dark blue) and LFR (light blue) are compared to functional (dark orange) and non-functional
(light orange) residues. (A) EFR show lower computed energies than they are in contact with
many residues and tend to be embedded in the hydrophobic core. In contrast, functional
residues are exposed to the solvent in order to constitute e.g. binding sites. (B) Hydropho-
bic interactions occur especially in the core of a protein, thus, most residues do not form any.
However, EFR show a significant increase compared to LFR. (C) The clustering coefficient of a
node describes how well-connected its adjacent nodes are. EFR connect regions of a protein
which are separated at sequence level and, thus, not well-connected on their own. Functional
residues exhibit higher clustering coefficient indicating a more connected set of adjacent nodes.
Table 5.6.: Comparison of Early Folding and Functional Residues
feature pfunc/non,buried µearly µfunc pearly/func,buried level
# contacts 0.1268 11.31 9.39 0.0165 *
loop fraction 0.9057 0.24 0.43 0.0089 *
centroid distance [Å] 0.0570 10.68 12.13 0.9370 -
terminus distance 0.0503 0.27 0.25 0.0072 *
RASA 0.0800 0.15 0.30 0.0034 *
computed energy <0.0001 -17.99 -8.18 <0.0001 *
predicted energy 0.0028 -17.15 -10.23 <0.0001 *
betweenness 0.1441 0.05 0.05 0.6497 -
closeness 0.4087 0.31 0.27 0.3282 -
clustering coefficient 0.1435 0.51 0.58 0.2328 -
# distinct neighborhood count 0.1753 2.52 2.24 0.3666 -
# local contacts 0.2177 6.18 5.70 0.1457 -
# tertiary contacts 0.4084 5.13 3.69 0.1558 -
# hydrogen bonds 0.0911 3.84 3.17 0.4975 -
# hydrophobic interactions 0.0019 1.29 0.60 0.0001 *
# coupling 0.3601 2.85 2.51 0.4996 -
cumulative strength 0.3792 0.74 0.63 0.4086 -
coupling strength 0.7575 2.97 2.29 0.3219 -
evolutionary information 0.0021 42.40 43.39 0.0299 *
For each presented feature the distribution of values is compared between functional and non-
functional residues as well as EFR and functional residues. The corresponding p-values and
significance level are stated for buried residues. Mean values are shown for EFR (µearly) and
functional residues (µfunc). Features and employed tests are described in Section 5.1.
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or tyrosine. In contrast, contacts which stabilize protein structures can be primarily bro-
ken down to the hydrophobic or hydrophilic character of amino acids [42, 43] which allows
for a wider range of tolerated mutations. Early stages of protein folding sample transient
conformations [18, 13] and settle for stable, local structures as indicated e.g. by the En-
ergy Profiling approach. It has been shown that the characteristic of EFR is not directly
linked to individual amino acids but rather the effect of the sequence composition of larger
fragments [20, 13, 11]. This may be another explanation why EFR are less conserved at
sequence level than functional residues. That the folding nucleus of proteins is not neces-
sarily sequentially conserved has been demonstrated previously [224, 225, 18], and makes
it even more remarkable that coevolution techniques such as the DCA perform so well for
structure prediction tasks [140, 141].
Modularity in proteins is also present in domains [23], secondary structure elements, and
autonomous folding units of the defined-pathway model [19, 82]. Particularized knowledge
of EFR may improve synthetic biology and could allow the design of proteins combining ex-
isting functional domains without influencing one another negatively [226, 24, 28, 23]. Fur-
thermore, understanding the differences of structurally relevant residues and those imple-
menting function could help in predicting mutation effects and provide a new level of detail
by allowing whether a mutation disrupts the fold or the function of a protein [227, 144].
5.3. CONCLUSION
A dataset of EFR for the protein folding process was studied. They are highly connected
nodes in residue graphs and were observed to be located in energetically favorable confor-
mations as pointed out by the Energy Profiling approach [183]. These structurally relevant
residues have distinct properties e.g. regarding the number of hydrophobic interactions
compared to functional residues.
Future HDX data can substantiate the presented trends regarding the nature of EFR. Po-
tentially, the arsenal of experimental techniques to study the folding process of proteins
will expand and become more refined and standardized, so that the underlying dataset will
become more robust. Also the observed separation of structurally relevant and functional
residues in proteins may be substantiated by more data on EFR and HSR. Understanding
these topological differences provides insights into the way certain residues interact with
the rest of the protein and to what degree they tolerate or compensate manipulation. For
decades, scientists longed for a glimpse into the folding process [9, 10, 11] and the ana-
lyzed dataset [8] provides just that. The experimental signals of early folding events are still
difficult to interpret and the analyzed dataset may not be generalizable for large proteins,
but the made observations indicate that EFR are also relevant as structural hubs in the na-
tive structure.
EFR are a valuable to gain insights into the folding process with spatial and temporal res-
olution. Future studies may link them to characteristics at sequence level to understand the
sequence composition which causes particular regions of a protein to initiate the folding
process. Features presented in this study were shown to be discriminative for EFR. Classi-
fiers for them based on sequence [11] or structure data may annotate residues crucial for
protein folding. Trained classifiers can also report as well as visualize the most discrimina-
tive features [228, 229] which may further delineate EFR and LFR. The Chapter 6 presents
a machine learning strategy which is employed with this aim on the Start2Fold dataset [8].
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The analysis of data collected during biological experiments poses a challenge for modern
bioinformatics. Usually these data are feature rich, yet hard to interpret, such as single-cell
gene expression data obtained by high-throughput experiments [230]. Despite sophisti-
cated pre-processing and the application of machine learning models, analysis – and most
importantly interpretation – of such data is still hard to accomplish. Nevertheless, machine
learning is the basis for sophisticated predictions and allows new insights into open ques-
tions. An interpretable classifier on the protein folding problem was developed in order to
deepen the understanding of EFR based on the trained model.
This Chapter focuses on interpretability and discussion of the resulting model. It is demon-
strated how an adaptation of an established machine learning strategy allows pinpointing the
most influential features for classification. Therefore, a novel implementation of the gen-
eralized matrix learning vector quantization (GMLVQ) algorithm [231, 232] as plug-in for the
popular Weka framework [201, 202, 203] is presented. This plug-in features diverse visual-
ization tools which encourage the user to interpret the resulting model and render GMLVQ
a comprehensible white box classifier.
6.1. MATERIALS & METHODS
6.1.1. DATASET CREATION
The Start2Fold dataset [8] and features presented in Chapter 5 are the basis of this analysis.
All 111 proline instances were dropped from the initial dataset which resulted in 3, 266
residues of which 482 (14.8%) are EFR. All considered features describe a particularized
aspect of this connection and are summarized in Table 6.1. Features of each residue were
averaged with respect to four adjacent positions at the sequence level in N- and C-terminal
direction. The dataset was standardized by z-score transformation.
6.1.2. FEATURE COMPUTATION
For a more detailed description of individual features refer to Chapter 5.
Energy Profiling Energy Profiles [183, 182] transform the three-dimensional arrangement
of atoms in a protein into a vector of energy values describing each amino acid. The com-
puted energy (e) of a residue describes its interactions with its surroundings. Energy Pro-
files can also be predicted using only sequence information [183] (ePred ) which represents
the sequence composition. Computed as well as predicted energy values have been used
before for the description of the folding process [183] as well as protein structure quality
assessment [182].
Secondary Structure Elements Secondary structure elements were annotated using
DSSP [167]. The secondary structure element size of a residue (SecSize) refers to the num-
ber of sequence neighbors sharing its secondary structure (i.e. α-helix, β-strand, and coil).
For sequence windows of nine residues the number of unordered secondary structure el-
ements was counted and normalized by the window size [204]. This yields a fraction (LF ),
where high values are tied to regions of high disorder, whereas amino acids embedded in
α-helices or β-sheets result in scores close to 0.
Relative Accessible Surface Area The RASA of a residue describes how exposed it is to
the solvent. Residues in the hydrophobic core tend to be buried and exhibit no accessible
surface area. RASA values (Rasa) were computed with the algorithm of Shrake and Rup-
ley [166].
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Table 6.1.: Denomination and Short Description of the 27 Features of the Dataset
feature description
e computed energy values
ePred predicted energy values
SecSize size of the surrounding secondary structure elements
LF fraction of surrounding unordered secondary structure elements
Rasa relative accessible surface area
PlipLC absolute count of local PLIP contacts
PlipHbLC absolute count of local PLIP hydrogen bonds
PlipHpLC absolute count of local PLIP hydrophobic interactions
PlipBbLC absolute count of local PLIP backbone contacts
PlipLR absolute count of tertiary PLIP contacts
PlipHbLR absolute count of tertiary PLIP hydrogen bonds
PlipHpLR absolute count of tertiary PLIP hydrophobic interactions
PlipBbLR absolute count of tertiary PLIP backbone contacts
PlipBN betweenness using all PLIP contacts
PlipCL closeness using all PLIP contacts
PlipCC clustering coefficient using all PLIP contacts
PlipHbBN betweenness using PLIP hydrogen bonds
PlipHbCL closeness using PLIP hydrogen bonds
PlipHbCC clustering coefficient using PLIP hydrogen bonds
PlipHpBN betweenness using PLIP hydrophobic interactions
PlipHpCL closeness using PLIP hydrophobic interactions
PlipHpCC clustering coefficient using PLIP hydrophobic interactions
ConvBN betweenness using the distance-based contact definition
ConvCL closeness using the distance-based contact definition
ConvCC clustering coefficient using the distance-based contact definition
PlipNC distinct neighborhood count using all PLIP contacts
ConvNC distinct neighborhood count using the distance-based contact definition
References to these features are given in italic font.
Non-Covalent Contacts Non-covalent contacts stabilize protein structures and are the
driving force behind protein folding [233]. The PLIP [37] was used for the annotation of non-
covalent contacts between residues in protein structures. PLIP supports different contact
types such as salt bridges, π-stacking interactions, or π-cation interactions. For this analysis,
only hydrogen bonds (Hb) and hydrophobic interactions (Hp) were considered. Other con-
tact types were not observed for the rather small proteins in the dataset. Furthermore, local
and tertiary contacts [123] were distinguished. Local contacts (suffix LC) are defined as con-
tacts between residues less than six sequence positions apart – their main contribution is
stabilizing secondary structure elements. In contrast, tertiary contacts (suffix LR) occur be-
tween residues more than five sequence positions apart and constitute stabilizing contacts
between secondary structure elements which primarily manifest the three-dimensional ar-
rangement of a protein. Backbone contacts (Bb) occur only between backbone atoms of
the respective residues.
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Graph Representation of Proteins Proteins in the dataset were represented as graphs.
Amino acids always constituted the nodes and contacts between residues were repre-
sented by edges. Covalently bound residues were considered to be in contact. All con-
tacts annotated by PLIP were used to create the first graph representation (using the prefix
Plip). Reduced representations were created by only considering hydrogen bonds (using the
prefix PlipHb) respectively hydrophobic interactions (using the prefix PlipHp). The contacts
detected by PLIP may ignore spatially close residues when they do not form any contacts
according the underlying rule set. Therefore, an additional contact definition was employed
(prefix Conv ): two residues were considered to be in contact, if their Cα atoms were at
most 8 Å apart.
Topological Descriptors Based on the four graph representations (Plip, PlipHb, PlipHp,
and Conv ), topological descriptors of individual residues were computed. This allows to de-
scribe how residues are connected to other residues by means of non-covalent contacts.
Most of these properties are based on shortest paths observable in the graph. The between-
ness (BN) of a node is defined as the number of shortest paths in the graph passing through
that particular node. The term is normalized by the number of node pairs 0.5 · n · (n − 1)
in the protein graph with n nodes [189, 186]. The closeness (CL) of a node is defined the
inverse of the average path length to any other node. The clustering coefficient describes
the surroundings of individual nodes. All adjacent nodes are collected and the number of
edges between these nk nodes is determined. The clustering coefficient (CC) of a node is
defined as number of edges between its adjacent nodes, divided by the maximum number
of edges which can theoretically connect these nodes 0.5 · nk · (n − 1). The distinct neigh-
borhood count (NC) captures how many sequentially distant (tertiary) protein regions are
connected by a residue (see Chapter 5).
6.1.3. DESCRIPTION OF THE GENERALIZED MATRIX LEARNING VECTOR
QUANTIZATION CLASSIFIER
The generalized learning vector quantization (GLVQ) is a powerful distance- and prototype-
based classification method for class-labeled data[231]. The idea is adapted from unsuper-
vised vector quantization methods such as k-Means or self-organizing maps (SOMs) and an
extension of the heuristic learning vector quantization (LVQ) [234]. At least one prototype
is initialized for each class and a function, which approximates the classification accuracy
(Figure 6.1), is maximized during learning. The optimization is commonly done by stochastic
gradient ascent (SGA) and allows for an intuitive adaption of the prototypes. In each iteration,
for one training data point v two prototypes are taken into account: the nearest prototype
with the same label as the data point and the nearest prototype with a different label, noted
as w+(v) and w−(v). The correct prototype w+(v) is attracted while w−(v) is repulsed. The
strength of attraction and repulsion is obtained by the gradients of the cost function and the
according learning rates. The trained model is a nearest neighbor classifier, i.e. an incom-
ing data point is assigned to the same class as the nearest prototype. In general, the GLVQ
is a sparse model with interpretative prototypes. The complexity of the model can be cho-
sen by the user by selecting the number of prototypes per class. If only one prototype per
class and the Euclidean distance is applied, the GLVQ is a linear classifier. A more detailed
description of the algorithm can be found in [235, 236]. Figure 6.2 provides a graphical rep-
resentation.
A prominent extension of the GLVQ is the Matrix GLVQ [232]. Beside the prototypes,
a mapping of the data points is learned for better separation of the classes (Figure 6.3).
This linear mapping, denoted by Ω ∈ RM×D, is powerful and provides additional information
about the classification problem. Thereby, D is the number of features. The parameter M
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Figure 6.1.: Confusion Matrix and Derived Evaluation Scores
Exemplified Confusion Matrix with the formulas of precision (PR), recall (RE), accuracy (CA),
and F1-measure.
Figure 6.2.: Principle of Generalized Matrix Learning Vector Quantization
Graphical depiction of learning with GMLVQ [228, 229]. One or multiple prototypes represent
classes: each data point in the data space of dimension N belongs to the class of the prototype
with the closest distance d. Prototypes are updated during learning as in LVQ [237]. Addition-
ally, the matrix Ω maps the data space to an embedded data space of dimension M, where
mapped distances d ′ are optimized. The matrix Λ = ΩTΩ (classification correlation matrix)
represents the impact of each feature on the classification performance.
can be chosen by the user and indicates the mapping dimension. If the mapping dimension
is equal to D, the matrix is quadratic, but M can also be set to values smaller than D, e.g.
down to M = 2. In the latter case the GMLVQ can be used for visualization of the dataset by
mapping the dataset into the two-dimensional space [238]. Moreover, the matrix Λ = ΩTΩ
is termed classification correlation matrix (CCM) [235]. In contrast to the correlation matrix
of the features, the CCM reflects the correlations between them under the aspect of class
discrimination (Figure 6.5B). Positive or negative values of high magnitude between two
features indicate a high positive or negative correlation of the features for the discrimination
of classes (see Figure 6.5A).
81
Figure 6.3.: Scheme of the Process of Learning
The graphical user interface of the GMLVQ Weka implementation. The matrix panel shows the
CCM and displays live updates during the learning process. A color bar represents the scale of
the matrix elements with a coloring scheme similar to a heat map.
6.2. RESULTS & DISCUSSION
6.2.1. CLASSIFICATION OF EARLY FOLDING RESIDUES REVEALS IMPORTANCE
OF HYDROPHOBIC INTERACTIONS
The given dataset has a very unbalanced class distribution: 482 data points of class EFR and
2,784 of class LFR. The classification accuracy is inconclusive in such cases because it only
takes correctly classified data points into account, e.g. relatively a good classification accu-
racy would be achieved when all data points were to be classified as LFR. Therefore, we
determine further prominent evaluations measures based on the confusion matrix such as
precision, recall, F1-measure, and area under the receiver-operating characteristic (auROC)
[239, 240]. The precision considers data points predicted as the positive class (here EFR)
and recall on all data points, which are true positives. In the example, the number of EFR
is drastically smaller than that of LFR, so in general the precision is worse than recall. The
F1-measure, which is the harmonic mean of precision and recall, is sensitive if one of these
values is getting small. Other β values can be specified for the Fβ measure. The receiver-
operating characteristic (ROC) is a graphical plot illustrating the trade-off between true pos-
itives and false positives for a parametrized model. According to the Weka documentation,
the ROC is obtained by varying the threshold on the class probability estimates.
We applied 10-fold cross validation on different classifiers to compare the results of GM-
LVQ to other state-of-the-art methods (see Table 6.2). Furthermore, we investigated differ-
ent parameter settings of the GMLVQ. On the one side, the model size of the GMLVQ is a
parameter chosen by the user. Here, we chose one prototype per class resulting in a linear
classifier and five prototypes per class, which is more complex. Moreover, the GMLVQ has
the feature to optimize other measures based on the confusion matrix like the Fβ-measure or
a linear combination of precision and recall. These can take the unbalanced class distribution
into account. The comparison of different classification models is challenging. It is hard to
decide objectively which classifier performs best. The support vector machine (SVM) ends
up with the best accuracy, yet the recall is low. On the other side, the GMLVQ optimizing
the weighted accuracy has the best recall and F1-value and optimizing the Fβ-measure ends
up with the best value regarding the auROC. Furthermore, we can notice that very complex
models do not automatically perform better. The naive Bayes (NB), a simple, fast and, linear
classifier performs comparable to the other much more complex models like random forest
(RF) or SVM, which utilizes 1,193 support vectors. 36% of the data points are necessary to
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describe the hyperplane which indicates a complex model. The GMLVQ with five prototypes
per class perform better in training than GMLVQ with one prototype, yet, in test the sparse
model is more suitable. Different versions of the cost functions evaluating approximated
values of classification accuracy, weighted classification accuracy, F1-measure, or weighted
precision-recall were applied. The results with the according parameter selection are listed
in Table 6.2 and Table 6.3.
Table 6.2.: Results of the Learning Process
CM CA PR RE F1 auROC
Naive Bayes
187 195
195 2,190
72.8 23.9 38.8 29.6 70.9
Random Forest
192 290
293 2,491
82.1 39.6 39.8 39.7 64.7
Support Vector Machine
134 348
78 2,706
87.0 63.2 27.8 38.6 62.5
GMLVQ with 1 prototype per class
run 1
320 162
830 1,954
69.6 27.8 66.4 39.2 67.7
run 2
351 162
890 1,954
68.7 28.3 72.8 40.7 73.7
run 3
348 134
891 1,893
68.6 28.1 72.2 40.4 76.6
GMLVQ with 5 prototype per class
run 4
187 295
443 2, 341
77.4 29.7 38.8 33.6 69.4
run 5
288 194
819 1, 965
69.0 26.0 59.8 36.2 70.5
run 6
274 208
763 2, 021
70.3 26.4 56.8 36.1 70.3
The test results in % right of the confusion matrix and algorithmic parameters used for the clas-
sification of the data determined with Weka. The best values for the single evaluation measured
are marked bold. If not stated otherwise, default setup was used. SVM with RBF-kernel (σ = 5)
which results in 1, 193 number of support vectors. Weights for weighted accuracy: 0.75 and
0.25. Fβ -measure with β = 1.
To sum up, GMLVQ provided better results in recall even if the model is chosen very
sparse. Distinguishing EFR and LFR is challenging and a clear separation was not achieved
using the described features. GMLVQ was trained on the dataset in order to retrieve the
most discriminative features of EFR and to showcase the capabilities and handling of the
visualization.
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Table 6.3.: Run Parameters
parameter run 1 run 2 run 3 run 4 run 5 run 6
cost function
CA WCA F1 CA WCA F1to optimize
number of
150 150 150 250 250 250
epochs
number of
1 1 1 5 5 5
prototypes
data point
0.75 0.75 0.75 0.75 0.75 0.75
ratio per round
sigmoid sigma
[1.0,5.0] [1.0,15.0] [1.0,50.0] [1.0,5.0] [1.0,15.0] [1.0,50.0]
interval
prototype
1.0 1.0 1.0 1.0 1.0 1.0
learning rate
matrix
1.0 1.0 1.0 1.0 1.0 1.0
learning rate
omega
27 27 27 27 27 27
dimension
cost function
- - 1 - - 1
beta
cost function
- [0.75,0.25] - - [0.75,0.25] -
weights
parallel
true true true true true true
execution
This table presents the parameters used to obtain the results of Table 6.2. Classification ac-
curacy (CA), weighted classification accuracy (WCA) with weights 0.75 and 0.25, as well as
Fβ -measure with β = 1 (F1).
6.2.2. VISUALIZATION OF LEARNING PROCESS AND INTERPRETATION OF
CLASSIFICATION RESULTS
The GMLVQ plug-in tracks and summarizes each run by various visualization panels (Fig-
ure 6.4): the CCM panel (Figure 6.4A), the cost function panel (Figure 6.4B), the feature
influence panel (Figure 6.4C), the feature analysis panel which depicts the prototype place-
ment (Figure 6.4D), and the run details panel which reports the parameters of the corre-
sponding run (Figure 6.4E). A detailed description on the example for the EFR dataset is
given in order to demonstrate how results of GMLVQ can be interpreted by integrating in-
formation of these visualization panels.
For the presented dataset, the CCM (Figure 6.5A) is primarily homogeneous which is in-
dicated by values close to zero. The major contributing features are the LF, PlipBN, and
especially PlipHpCL as these features exhibit the highest scores on the main diagonal of
the CCM. The positive correlation of LF and PlipBN contributes to the classification perfor-
mance as indicated by positive values described by the corresponding element. Also, the
negative correlation of PlipHpCL to both features increases classification performance. The
PlipHpCL is negatively correlated to various other features such as SecSize, PlipLR, PlipH-
bLR, and PlipHbCL. To a lesser degree, e and PlipNC are associated positively. It has to be
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Figure 6.4.: User Interface of the Weka Plug-In
(A) The visualization of the CCM. The color scale indicates positive or negative correlations. (A1)
The visualizations of each separate run will appear in this area. By clicking on the respective tab,
one can easily switch between individual runs, e.g. cross validation runs. (A2) This button clears
all visualizations except the latest. (A3) The tabs allow the user to switch between different
visualizations of the current run. (B) The chart visualizes the earning functions over the course
of learning. Additional earning functions can be visualized here, alongside with the cost function
which is optimized. (C) The feature influence of single features of the current run. The top-
ranked features has the highest contribution for the classification performance. (D) The feature
analysis panel allows the detailed investigation of features and prototypes. (E) This panel shows
the parameters which were used for the current run.
pointed out that the CCM differs substantially from the correlation matrix (see Figure 6.5B).
In the correlation matrix, strong positive correlations are present in the fourth group of fea-
tures (local contact counts) and negative correlations in the fifth group (tertiary contact
counts). Relevant associations between features pointed out by GMLVQ are not obvious
from the correlation matrix. The five most important features for discrimination are listed in
Table 6.4 which was derived from the feature influence panel (Figure 6.4C). The prototype
placement depicted in the feature analysis panel (Figure 6.4D) describes which values indi-
vidual features adapt for optimal classification performance. This information is not evident
from the CCM but necessary for the interpretation of the learned model. Selecting only
these five features and learning a model on this dimensionality-reduced dataset, shows a
performance similar to the full model. GMLVQ with weighted accuracy and one prototype
per class is given in Table 6.5. Recall and F1 value are even better compared to using all
features. Thus, GMLVQ can also be used for feature extraction.
Table 6.4.: Summary of the Top Five Features
feature influence score
PlipHpCL 0.159
LF 0.127
PlipBN 0.063
SecSize 0.059
e 0.042
These are the most important features for the classification of EFR. The influence score is in
arbitrary units, higher values refer to features which increase classification performance.
The homogeneity observed in the CCM is the result of the similarity of several features.
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Figure 6.5.: Correlation Classification Matrix for Early Folding Residues
(A) The CCM depicts the positive impact of individual features for the classification performance
on its main diagonal. Especially, PlipHpCL, LF, and PlipBN are features which discriminate EFR
and LFR. The influence of ordered secondary structure elements was shown before [13]. Both
betweenness and closeness tend to be increased for EFR which indicates their importance
for the assembly of secondary structure elements by tertiary hydrophobic interactions. Other
entries of the matrix describe pairs of features which are positively (red) or negatively (blue)
correlated and increase classification performance further. (B) The standard correlation matrix
of all features of the whole dataset. Again, positive and negative correlations are depicted
in red and blue respectively. Interestingly, the features pointed out by GMLVQ do not stand
out. Vice versa, strong correlations between features do not imply a favorable influence on the
classification performance.
Table 6.5.: Performance Using the Five Most Important Features
CM CA PR RE F1 auROC
376 106
950 1, 834
67.7 28.4 78.0 41.6 69.0
Classification accuracy (CA), weighted classification accuracy (WCA) with weights 0.75 and
0.25, as well as Fβ -measure with β = 1 (F1).
At a trivial level, topological descriptors computed on differing graph definitions are likely
to result in redundant information. In that case, it is coincidental which feature will be
highlighted even though all other correlated features capture similar information. Even if
such features are strongly correlated, the CCM will only capture these characteristics if the
correlation also contributes to the classification performance.
The PlipBN feature is the betweenness [189, 186] derived from all contacts such as hy-
drogen bonds or hydrophobic interactions [37] in a protein structure. For this residue graph,
residues with many of the shortest paths passing through them exhibit high betweenness
scores. This feature is highly discriminative between EFR and LFR as captured in the CCM.
The prototypes which represent the EFR class display above average PlipBN values, indi-
cating that EFR are better connected in the residue graph than their LFR counterparts. In
fact, EFR exhibit a higher degree and are crucial connectors, so-called hubs. Residues with
high betweenness values have been shown to be crucial for the formation of stable, local
structure (foldons) and often constitute the folding nucleus of proteins [186, 94, 208] espe-
cially in the defined-pathway model [18, 19].
The LF is relatively low for EFR which implies that EFR tend to be surrounded by ordered
secondary structure elements. Analogously, this is negatively correlated to the size of the
surrounding secondary structure elements and positively correlated to the Rasa values as
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it has been shown in previous studies [13, 18, 186, 20]. The LF feature is furthermore
negatively correlated to e which indicates that ordered secondary structure elements re-
sult in favorable, low energy local structures. These local structures are believed to form
autonomously and guide the folding process [18, 19].
The importance of the PlipHpCL represents the relevance of hydrophobic interactions in
the core of protein structures (Figure 6.6). EFR have an increased propensity to occur in the
core of protein structures which is isolated from the polar solvent [87, 13]. However, a buried
or exposed state [168] derived from the Rasa feature cannot explain the origin and charac-
teristics of EFR. The closeness [190] is defined as the inverse of the average path length
of a residue to all other residues. It describes how well-connected individual residues are,
which is a similar characteristic as covered by the betweenness [189, 186]. The fact that
both PlipBN and PlipHpCL are the most influential features for the classification demon-
strates that they still capture slightly different aspects. The classification performance ben-
efits from a negative correlation of both features. EFR occur primarily in the hydrophobic
core of a structure where they participate in an increased number of hydrophobic interac-
tions with surrounding residues. Previously, hydrophobic interactions have been shown to
be relevant for the initiation and guidance of the protein folding process itself as well as its
in silico modeling [241, 242, 27, 243]. Hydrophobic interactions can only be realized by a
subset of amino acids and have an increased propensity to form ordered regions [20, 183].
The importance of the PlipHpCL feature and the placement of the prototypes implies that
EFR are well-embedded in the hydrophobic network of protein structures. EFR may form
more hydrophobic interactions which are important for the correct assembly of protein re-
gions separated at sequence level (see Chapter 5).
6.3. CONCLUSION
In summary, the visualized classification of the GMLVQ run pointed out that many features
capture redundant information. A subset of the features (PlipHpCL, LF, and PlipBN) is dis-
criminative for both classes. Their importance and their respective correlations are in agree-
ment with previous studies on EFR [11, 13] and, more general, folding nuclei [29, 87, 186,
18, 19].
Machine as well as deep learning are trending in (life) sciences. Yet, a lot of classification
problems are difficult to solve. Especially for problems with unbalanced class distributions
the choice of the best model is crucial. Beside evaluation measures other properties might
be essential to select a suitable classifier. One key aspect is the interpretability of the
learning process and the resulting model. GMLVQ is a prototype-based classifier and its
applicability was demonstrated on a dataset of key residues in the protein folding process.
GMLVQ provides an interpretable classification model and was integrated into the Weka
framework to make this classifier and its visualization capabilities accessible to a wide range
of scientists.
A dataset of key residues of the protein folding process was investigated. GMLVQ per-
forms comparable to other state-of-the-art methods such as SVM or RF but provides a readily
interpretable classification model. From a set of 27 features, GMLVQ identified the fraction
of ordered secondary structure elements, the betweenness based on non-covalent con-
tacts, and the closeness using only hydrophobic interactions as the most relevant features
for the distinction between EFR and LFR.
The classification performance may be improved by using additional features; however,
for sake of simplicity such features were omitted because their computation would require
additional algorithms or models. Promising candidates are backbone rigidity values [20],
sequence-based predictions of EFR [11], or evolutionary coupling scores [141]. All of them
have been previously shown to be discriminative for EFR [11, 13] and may increase the
87
Figure 6.6.: Rendering of the Network of Hydrophobic Interactions
Structure of horse heart myoglobin (PDB:1ymb_A). In this structure, 58 hydrophobic interactions
were detected by PLIP [37]. The centroids between interacting residues are depicted as red
spheres. This highlights the strong contribution of hydrophobic interactions in the protein core.
classification performance of this exemplary application of the Weka plug-in.
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7. THE EVOLUTIONARY HISTORY OF
AMINOACYL-TRNA SYNTHETASES
Bittrich, S., Schroeder, M., & Labudde, D. (2018). Characterizing the
relation of functional and Early Folding Residues in protein structures
using the example of aminoacyl-tRNA synthetases. PloS one. 13(10),
e206369.
This Chapter is Partially Based on the Publication:
Kaiser, F.☯, Bittrich, S.☯, Salentin, S., Leberecht, C., Haupt, V. J.,
Krautwurst, S., Schroeder, M., & Labudde, D. (2018). Backbone brack-
ets and arginine tweezers delineate class I and class II aminoacyl
tRNA synthetases. PLoS computational biology, 14(4), e1006101.
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Aminoacyl-tRNA synthetases (aaRS) may be the proteins with the most intriguing evolu-
tionary history and are a prime candidate to analyze as their emergence is well-discussed in
literature [244, 245, 246, 247, 248, 2]. aminoacyl-tRNA synthetases (aaRS) enzymes attach
amino acids to their cognate tRNA, which is subsequently recognized by its anti-codon and
consumed by a ribosome [245]. Thus, aaRS implement the genetic code and give insights
into the earliest episodes of life. For each amino acid, a dedicated aaRS implementation ex-
ists in each organism [249, 250]. E.g., AspRS attaches aspartic acid to tRNAAsp in two-step
reaction which involves the recognition of ATP, amino acid, and tRNA.
Asp + ATP
AspRS
Asp AMP + PPi
Asp AMP + tRNAAsp
AspRS
Asp tRNAAsp + AMP.
Specific aaRS implementations are referred to as type. The 20 types can be divided into
two complementary classes (class I and class II, Figure 7.1) with each being responsible
for a defined set of amino acids [251, 252, 253]. The amino acids of both classes are dis-
tributed evenly regarding their physicochemical properties. However, amino acids handled
by class I feature a higher molecular weight. Furthermore, they were shown to occur in
the hydrophobic core of protein structures, whereas class II amino acids are more likely
exposed to the solvent [254]. Both classes differ significantly at sequence and structure
level, feature distinct reaction mechanisms, and occur in diverse oligomerization states –
they seem as distinct as possible from each other [248]. It is an open question how both
classes emerged and why two strategies to attach amino acids to the proper tRNA molecule
emerged. The peculiarities of aaRS suggest the both classes were established at the same
point in time and that slight differences of the handled amino acids manifested in the two dis-
tinct classes [248]. Over the course of evolution, several domain inserts did occur [247, 248]
which render the evolutionary trajectory of aaRS difficult to reconstruct [255]. Some or-
ganisms may feature additional aaRS such as PylRS which makes pyrrolysine accessible to
protein biosynthesis.
Each aaRS class is defined by a set of sequence motifs which mediate ligand interactions
with ATP and realize catalysis [251, 260, 245]. Specific for class I are the HIGH and the
KMSKS motifs [251, 245]. Both motifs stabilize the transition state of the chemical reaction.
The KMSKS motif occurs as mobile loop in the folded structure [245]. Class II aaRS feature a
less conserved [255] set of sequence motifs which are more flexible regarding their relative
arrangement [251]. Motif “1” is the youngest motif [2] and realizes dimerization of class II
aaRS [245, 261]. Motif “2” and “3” implement the reaction mechanism and encompass
two conserved arginine residues [262, 263, 251]. Sequence identity within each class is
below 10% [264]. Class I features a structural rearrangement upon ligand binding [265,
244, 266] which stores energy during the reaction in a constrained conformation of the
KMSKS motif [267]. No such mechanism is described for class II, but it is assumed that the
observed dimerization [245, 261] fulfills a similar role in class II [2]. The catalytic core domain
of class I aaRS resembles a Rossmann fold [268, 269], whereas structure of the class II
is unique [270, 271, 272]. Also functional differences have been described: class I aaRS
attach the amino acid to the 2’OH-group of the tRNA, whereas class II proteins use the
3’OH-group [273]. In summary, aaRS classes share no similarities [245, 272, 248] beside
their actual function [244, 247, 248].
In a recent large-scale structural study by Kaiser et al. [2], two ligand binding motifs – the
Backbone Brackets and the Arginine Tweezers – were identified as characteristic for each
aaRS class. Furthermore, this publication proposes a structure-guided MSA for each class
which was shown to be a suitable approach for these highly diverse sets of proteins [2].
Gene fusion, duplication, and recombination events as well as horizontal gene transfer [274,
272] over a period of 4 billion years resulted in sequences difficult to align conventionally.
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Figure 7.1.: The Two Aminoacyl-tRNA Synthetase Classes and Amino Acids They Handle
The 20 amino acids are distributed evenly between both aaRS classes. Certain physicochemi-
cal properties [256] such as aromatic or charged amino acids occur in both classes, so that no
clear distinction can be made. Class II handles significantly smaller amino acids [254] and ex-
hibits smaller binding sites [257, 258]. Lysine is mostly processed by class II, however archaic
organisms feature a class I aaRS for lysine [259]. Prior to tRNA ligation, the amino acid ligand is
converted to its activated form: aminoacyl adenylate. This implies that some residues in aaRS
recognize the corresponding amino acid (upper bracket at the aminoacyl moiety) while others
recognize ATP (lower bracket).
The Rodin-Ohno Hypothesis Primordial implementations of both aaRS classes called
protozymes [247, 248] were linked to the Backbone Brackets and Arginine Tweezers motifs.
The Rodin-Ohno hypothesis [244] proposes that aaRS enzymes were once complementarily
encoded by the same gene (Figure 7.2). The hypothesis is substantiated by deconstruc-
tion of contemporary aaRS sequences. For each class, sequences were aligned and do-
main inserts were removed which reduced each class to a peptide of 46 residues. These
peptides were furthermore manipulated to pair them complementarily, this recreated the
hypothesized primordial gene organization. Interestingly, the resulting protozymes have
been demonstrated to be catalytically active and enhance reaction rates by orders of mag-
nitudes. Both protozymes resemble molten globules which lack a defined tertiary structure
and likely rearrange structurally upon ligand binding. The complementary coding imposes
strong constraints on the evolvability of protein sequences [247, 248] and may explain the
mirror-like characteristics [275] of both aaRS classes [245, 272, 248]. A similar gene orga-
nization was postulated for other protein families as well [276, 277] and may be common
to ancient proteins which emerged during a time when size of the genome was strongly
limited.
The Rodin-Ohno hypothesis provides an elegant explanation for the emergence and pe-
culiarities of contemporary aaRS classes [244, 247, 248, 2]. It is hypothesized that all aaRS
genes originate from this primordial gene encompassing both protozymes. They diverged
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Figure 7.2.: The Rodin-Ohno Hypothesis: Both Aminoacyl-tRNA Synthetase Classes Were
Once Encoded on Opposite Strands of the Same Gene
The protozymes of aaRS superfamilies originated from the complementarily encoded region
encompassing the HIGH and motif “2” (shaded in red). Contemporary aaRS proteins feature
several domain inserts such as the insertion domain (ID), connecting peptide (CP1), and the
anticodon binding domain (ABD). Figure adapted from [278, 247].
and improved in specificity, but their catalytic core has been conserved [2].
All of the contemporary aaRS types are connected by the requirement to bind ATP. For
the class I protozymes [247], this basal unifying characteristic was found to involve hydro-
gen bonds. Regardless, aaRS feature an intriguing evolutionary history. Also, the relation
of structurally and functionally relevant residues has been studied for class I [279]. Both
considerations lead to aaRS being used as an example of two evolutionary diverse protein
superfamilies.
7.1. MATERIALS & METHODS
7.1.1. DATASET CREATION
The corresponding dataset was defined as described by Kaiser et al. [2]. Protein structures
of aaRS were retrieved from the PDB. Pfam [280] and number of enzyme in Enzyme Com-
mission’s system (EC) identifiers were utilized to define aaRS function. Putative chains were
excluded. Detailed selection criteria are described in S1 Appendix of the corresponding pub-
lication [2]. For each catalytic chain it was determined which ligands are present. Explicitly,
amino acid ligands, ATP, and aminoacyl-AMP (the intermediate after the first reaction step)
were considered summarized in Figure 7.3 [2].
Some sequences are highly similar to other entries and may introduce some bias into
analysis. Therefore, a single-linkage sequence clustering was employed. Sequences were
considered similar when their sequence identity according to a Needleman-Wunsch align-
ment [281] did exceed 95%. If a resulting sequence cluster contained more than one se-
quence, a representative for the cluster was determined. The selection scheme is described
in S2 Appendix of the corresponding publication [2].
As stated, aaRS sequences may be diverse and not comparable directly. A structure-
guided MSA by T-Coffee expresso [282] was performed for all 81 representative sequence
of class I and for all 75 of class II. The resulting alignments were used to class-specifically
renumber all structures in the dataset using a custom script (available as “MSA PDB Renum-
ber” at github.com/vjhaupt. All amino acids of the protein chains were renumbered. Atom
numbers, chain identifiers, and residue numbers of ligands were unmodified [2].
Subsequently, ligand interactions were annotated by PLIP [37]. All renumbered sequence
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Figure 7.3.: ATP and Amino Acid Binding Site
aaRS enyzmes recognize ATP (dark orange) and amino acid (light orange) ligands. After the
first reaction step, they are present as covalently bound aminoacyl-AMP. Interacting residues of
the proteins were distinguished between ATP (dark orange line) and amino acid binding (light
orange lines) regions. Figure adapted from the publication of Kaiser et al. [2].
positions interacting with a relevant ligand were considered functional. This allowed to
identify potential ligand sites in aaRS for structures with no ligand present [2].
7.1.2. PREDICTION OF EARLY FOLDING RESIDUES
From the renumbered protein chains, the corresponding sequence was extracted and used
as input for the EFoldMine algorithm [11] which predicts the probability of residues be-
ing EFR. This was necessary because no experimentally derived folding characteristics are
available for aaRS proteins. Predicted scores exceeding 0.163 where considered EFR; this
value has been shown to optimally separate EFR and LFR [11]. Protozyme regions were
extracted from PDB:1euy_A and PDB:1c0a_A to represent aaRS class I and II. This selec-
tion was for visualization purposes only and focused on structures with aminoacyl-AMP
ligands. Selected residue numbers of the protozymes are 255–336 and 648–718. The se-
quence conservation in aaRS sequences was computed by Jalview [256, 283] using only
sequences which were used as input of the MSA. Positions composed of sets of amino
acids with similar characteristics result in high values. The referenced MSA was also used
to pair both protozyme regions complementarily to create the schematic representation in
Figure 7.5. Furthermore, the observed intersection between EFR and functional residues
was expressed as probability and compared to the expected probability of a residue to share
both the EFR and functional label based on their respective probabilities to occur individually.
7.2. RESULTS & DISCUSSION
A dataset of aaRS structures was published by Kaiser et al. [2]. It encompasses 972 chains
containing 448 catalytic domains for class I and 524 for class II. At least one ligand-bound
structure exists for each aaRS type. Furthermore, the dataset provides information on ligand
interactions, which allow the search for common ligand interaction properties.
7.2.1. BACKBONE BRACKETS AND ARGININE TWEEZERS
Non-covalent protein-ligand interactions were analyzed to investigate the one unifying as-
pect of aaRS classes: the binding of ATP. Two structural motifs were described by Kaiser
et al. [2]. Class I employs backbone hydrogen bonds, whereas two conserved arginine
residues furnish salt bridge and π-cation interactions in class II.
The positions in class I exhibit remarkably conserved backbone interactions observable in
441 of 448 (98%) class I structures at renumbered positions 274 and 1361. The nitrogen or
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oxygen of the peptide bond interacts with the adenosine phosphate part of the ligand (Fig-
ure 7.4A). Both residues enclose the ligand in a bracket-like arrangement (Figure 7.4B) and
were thus named Backbone Brackets. Position 274 of the motif shows no conservation at
sequence level, whereas position 1361 features preferably hydrophobic amino acids such
as leucine, valine, or isoleucine (Figure 7.4C). That both positions are not conserved at se-
quence level is substantiated by the fact that the side chain of the corresponding residues
does not form ligand contacts. The Backbone Brackets occur in unordered secondary struc-
ture elements [2].
For class II, conserved interactions are evident at renumbered positions 698 and 1786.
Both residues were present in 482 of 524 (92%) of all structures. The Arginine Tweezers
motif grasps the adenosine phosphate part of the ligand by salt bridges furnished by the
side chain of the respective amino acid (Figure 7.4D), this arrangement resembles a pair of
tweezers (Figure 7.4E). Both positions are highly conserved at sequence level (Figure 7.4F).
Close to the N-terminal residue of the Arginine Tweezers, a conserved glumatic acid is
present at renumbered position 700. At this position a hydrogen bond to the adenine group
of the ligand can be observed for SerRS, HisRS, ThrRS, LysRS, ProRS, and AspRS. The N-
terminal residue of the Arginine Tweezers predominantly occurs in unordered secondary
structure elements, whereas the three positions toward the C-terminus tend to exhibit a
β-strand conformation. The C-terminal residue of the Arginine Tweezers at position 1786
occurs in an α-helix. In contrast to the not conserved residues of the Backbone Brackets,
both arginine residues are crucial for binding the adenosine phosphate part in aaRS [2].
Mutations to these positions result in a loss-of-function [284, 285].
For both aaRS classes, a stunning balance of evolutionary diversification [286] and equality
in function can be observed. This is substantiated by a strikingly different realization of
ligand recognition in terms of adjacent sequence positions (Figure 7.4C and Figure 7.4F).
The Backbone Brackets motif was described by Kaiser et al. [2] for the first time. Both
structural motifs add a new level of profound differences between both aaRS classes not
identified before [2].
The relevance of backbone interactions are often underestimated in structural studies.
However, backbone hydrogen bonds account for at least one quarter of ligand hydrogen
bonding [288]. As long as the backbone orientation is correct, properties of the side chain
such as steric effects play a subordinate role. Backbone hydrogen bonds are crucial for NAD
binding in a CysG protein from Salmonella enterica (PDB:1pjs) as demonstrated by PLIP [37].
Together with the low sequence conservation of the Backbone Brackets motif, this em-
phasizes that the Backbone Brackets are a relevant example of conservation at function
level [2]. Sequence-based analysis cannot spot all relevant aspects of proteins and neither
can mere structure analysis. Rather different levels of information have to be integrated to
get a more complete picture needed to understand proteins. In accordance with the func-
tionalist principle, function is conserved over structure or sequence [4]. An advantage of the
Backbone Brackets motif is that it is resilient to mutations as there are virtually no limitations
on the amino acids which can realize such backbone hydrogen bonds [2]. Complementary
coding [244, 247, 248] imposes strong constraints on the sequence of both protozymes.
Potentially the Backbone Brackets motifs emerged because it eases the evolutionary pres-
sure on certain positions of the class I protozyme. Any amino acid can furnish the observed
backbone hydrogen bonds to the ATP ligand. This drastically increases the evolvability of
both protozymes. If the strongest constraints during evolution were imposed on protein
structure, the evolutionary progress might have been considerably slower [4].
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Figure 7.4.: Comparison of Backbone Brackets and Arginine Tweezers
(A) Structural rendering of the Backbone Brackets motif interacting with Tryptophanyl-5’AMP
ligand (TrpRS, PDB:1r6u_A). Ligand interaction is furnished by backbone hydrogen bonds (solid
blue lines). Residue numbers are given in accordance to the original structure. (B) The Back-
bone Brackets motif encircling the ligand in a fashion resembling a bracket. (C) The sequence
of Backbone Brackets residues (274 and 1361) and three surrounding sequence positions rep-
resented as WebLogo [287]. Renumbered residue positions are given. (D) Structural rendering
of the Arginine Tweezers motif interacting with Lysyl-5’AMP ligand (LysRS, PDB:1e1t_A). The
ligand is bound via salt bridges (yellow dashed lines) as well as π-cation interactions. Residue
numbers are given in accordance to the original structure. (E) The Arginine Tweezers grasp the
ligand in a manner comparable to a pair of tweezers. (F) The sequence of Arginine Tweez-
ers residues (698 and 1786) and three surrounding sequence positions represented as Web-
Logo [287]. The Backbone Brackets show little conservation at sequence level since backbone
interactions can be established by all amino acids. In contrast, the Arginine Tweezers rely on
two arginine residues to furnish their highly specific interaction types.
7.2.2. THE POSITION OF EARLY FOLDING RESIDUES IS CONSISTENT IN
AMINOACYL-TRNA SYNTHETASES
In Chapter 5 a separation of EFR and functional residues can be observed. However, no
analysis of EFR in an evolutionary context is feasible due to limitations of this dataset. aaRS
may be the protein superfamily with the most intriguing evolutionary history and, thus, are a
prime candidate to analyze in the context of the previous findings as their emergence is well-
discussed in literature [244, 245, 246, 247, 248]. The Rodin-Ohno hypothesis [244] proposes
that aaRS enzymes were once complementarily encoded by the same gene (Figure 7.5).
This provides an elegant explanation for the emergence and peculiarities of contemporary
aaRS classes [244, 247, 248]. It is hypothesized that all aaRS genes originate from this
primordial gene encompassing both protozymes. They diverged and improved in specificity,
but their catalytic core has been conserved.
Further analysis focuses on regions of today’s aaRS structures which correspond to the
protozyme regions in order to assess how EFR predicted by EFoldMine [11] related to func-
tional residues in an evolutionary context. ATP and amino acid recognition sites were con-
sidered functional (see Figure 7.3). Furthermore, it was assessed whether the predicted po-
sitions of EFR are consistent in these highly diverse superfamilies of enzymes. This analysis
is backed by a manually curated dataset which accounts for high diversity of contemporary
aaRS implementations.
Fig 7.6 depicts the protozyme [247, 248] of each aaRS class with an aminoacyl-AMP ligand
present, which captures the intermediate of the enzymatic reaction.
Analysis is based on 81 non-redundant structures for class I and 75 for class II, respec-
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Figure 7.5.: Schematic Representation of Protozyme Regions
The two classes of contemporary aaRS enzymes may originate from opposite strands of the
same gene. The corresponding peptides (called protozymes) have been shown to be catalyti-
cally active [244, 247]. The order of secondary structure elements in both protozymes resem-
bles a mirror image. Using the EFoldMine classifier [11], EFR (i.e. folding initiation sites) were
predicted (depicted in blue). EFR are a distinct set of residues with respect to ATP binding sites
(orange) identified in Chapter 7. Backbone Brackets and Arginine Tweezers are class-specific
ATP binding motifs identified in the same study. Regardless of aaRS class, EFR occur in the
center of secondary structure elements. Their position is preserved within aaRS classes de-
spite sequence conservation being relatively small. The relative arrangement of EFR in class I
resembles a prominent structural packing motif [269]. The more general Start2Fold dataset [8]
is used to assess whether the separation of EFR and functional residues is a common theme
in protein structures. The ATP binding region contains four binding residues each and was sim-
plified to a continuous region for visual simplicity. Figure adapted from [278, 247, 2].
tively. For each analyzed structure the corresponding sequence was used to predict the po-
sition of EFR [11]. A consistent numbering of residues within each class was established by
a structure-guided MSA [282]. Even within the depicted catalytic core of aaRS structures,
sequences feature a high degree of variability and various inserts. Interestingly, residues
predicted to be early folding are located at MSA columns which may not be extraordinarily
conserved but are present in at least half of the corresponding sequences. EFR positions
are mostly conserved among aaRS homologues. ATP binding sites are also consistent for
the structures, whereas the position of amino acid binding sites varies. In the visualized
protozyme regions (Fig 7.6), positions of EFR are located in ordered secondary structure
elements. Functional residues, especially those realizing ATP recognition, are located in
spatial proximity to one another. Furthermore, they occur in unordered coil regions and
are located close to the ligand. ATP binding sites (dark orange) can be found on the left
in proximity of the adenine part, whereas amino acid recognition sites (light orange) can
be found on the right close to the amino acid part of the ligand. Sequence conservation
scores were considered. For comparison, the highly conserved N-terminal arginine of the
Arginine Tweezers motif exhibits a score of 11, scores close to 0 indicate no conservation.
The average sequence conservation of the protozyme regions is 1.59 (1.42) for class I (and
class II respectively). Positions predicted to be EFR exhibit scores of 2.50 (2.80). That for
ATP binding sites is 3.75 (3.75) and for amino acid binding sites 1.85 (2.17). On average the
EFoldMine prediction is 0.09 (0.09) for the protozyme regions. Positions considered EFR
exhibit high values of 0.21 (0.20). ATP binding sites feature low scores, whereas amino
acid binding sites feature slightly increased probabilities of being EFR (summarized in Ta-
ble 7.1). Because the position of amino acid binding sites is not consistent in the MSA,
sequence conservation of these positions is relatively small. In contrast, ATP binding sites
are mapped consistently in the MSA for both aaRS classes.
EFR exhibit smaller sequence conservation scores than ATP binding sites which indi-
96
Figure 7.6.: Protozyme Regions of Both Aminoacyl-tRNA Synthetase Classes
The protozyme regions [247, 248] (in cartoon style) and the respective aminoacyl-AMP ligand (in
sticks style) are depicted. This captures the state after the first reaction, when ATP and amino
acid have been covalently bound. The ATP part is oriented to the left, whereas the amino acid
is located on the right. Residues predicted to be early folding [11] are colored blue, whereas
functional residues are rendered in orange. ATP interaction sites are depicted in dark orange,
residue positions observed to interact with the amino acid in any aaRS structure are rendered
in light orange (see Figure 7.3 for a schematic depiction). In the rare cases that residues are both
EFR and functional, they bind the amino acid part of the ligand in two specific aaRS implementa-
tions. (A) The class I protozyme is represented by truncated PDB:1euy_A. The respective EFR
are located in the center of the ordered secondary structure elements. In contrast, functional
ligand binding sites are located in the upper part of each subfigure. They are primarily located
in unordered coil regions. (B) The class II protozyme, represented by truncated PDB:1c0a_A,
shows similar tendencies.
cates that more sequence variability can be tolerated for folding initiation sites. Protein
function depends on particular amino acid side chains [25], whereas protein structure and
secondary structure element formation is mainly the consequence of the hydrophobicity of
amino acids [42, 43]. ATP binding sites exhibit lower EFR prediction scores compared to
the average in the protozyme region which captures their tendency to occur in exposed, un-
ordered coil regions as observed in the previously reported findings.
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Table 7.1.: Sequence Conservation and Average EFoldMine Scores for Aminoacyl-tRNA Syn-
thetase Classes
feature all protozyme early functional ATP aa
class I
conservation 0.17 1.59 2.50 2.29 3.75 1.85
EFoldMine score 0.08 0.09 0.21 0.08 0.04 0.09
class II
conservation 0.18 1.42 2.80 2.80 3.75 2.17
EFoldMine score 0.11 0.09 0.20 0.08 0.06 0.09
Sequence conservation [256, 283] and EFoldMine [11] predictions for the aaRS protozyme re-
gions [247, 248] are presented. Encompassed are the average values for all residues, residues
in the protozyme region, for positions predicted to be EFR, functional residues, ATP binding
residues, and amino acid binding sites.
7.2.3. STRUCTURAL PACKING MOTIF IN CLASS I AMINOACYL-TRNA
SYNTHETASES
The LFR position 284 features a remarkably high sequence conservation of 10. This posi-
tion is part of the HIGH sequence motif which relates to ATP binding and the stabilization of
the transition state [245]. In most class I aaRS, the HIGH motif is located at the N-terminal
end of an α-helix. This particular arrangement is commonly observed for ATP binding pro-
teins due to the favorable interactions between the negative charge of phosphate moieties
and the dipole moment of the helix backbone [289]. Despite the defined secondary struc-
ture in this region, the HIGH motif is predicted to consist of LFR. EFR are located close to
the C-terminal end of the helix (Fig 7.6A). Such folding initiation sites will lead to an ex-
tension of the nascent secondary structure element until certain sequence compositions
terminate the process [9, 10]. Within this secondary structure element crucial for function,
residues initiating its formation and residues binding the ligand occur at distinct positions.
Furthermore, the observed C-terminal aggregation of EFR and the proximity to other EFR in
neighboring β-strands substantiates a previously described structural packing motif in the
catalytic core of class I aaRS. It is one of the most ancient and most widely distributed struc-
tural motif and was identified in a diverse set of proteins which encompasses the catalytic
domain of class I, the anti-codon-binding domain in class II, and five other members of the
Rossmanoid family [269]. This motif has been associated to a structural rearrangement im-
portant for function [290, 291]. The nearby Backbone Brackets motif rearranges upon ligand
binding which implies that the structural rearrangement observed is a feature common to
all class I aaRS structures (see Chapter 7).
7.2.4. EARLY FOLDING RESIDUES ARE NON-FUNCTIONAL IN AMINOACYL-TRNA
SYNTHETASES
In class I (visualized by truncated PDB:1euy_A), position 311 is the only residue which is
both EFR and functional (Table 7.2). This position is only functional in TrpRS and TyrRS
where it realizes binding of the respective amino acid. Both tryptophan and tyrosine are
large, aromatic amino acids and it is hypothesized that they were added to the genetic code
recently [246]. This implies that these EFR became functional late during the evolution of
aaRS. The clear separation with respect to ATP recognition implies that the unifying aspect
of all aaRS is binding of the ATP ligand and catalysis at the respective α-phosphate. At first
protozymes where required to bind ATP and later the amino acid binding sites improved in
specificity, allowing them to discriminate between amino acids more reliably. Position 274
corresponds to the N-terminal residue of the Backbone Brackets structure motif. Close
to this position various amino acid binding sites can be observed in other class I aaRS,
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while EFR are further away (Figure 7.6). Despite being functionally relevant, the sequence
conservation of position 274 amounts to 3 and is relatively small. This residue has been
shown to realize ATP binding by backbone hydrogen bonds which can be virtually realized
by all amino acids. Thus, change can be compensated at this position as along as the
backbone atoms can still bind the ATP ligand. Furthermore, this position interacts with
the α-phosphate position of the ligand to which the aaRS attaches the proper amino acid.
Therefore, it is intuitive that many positions involved in amino acid recognition are located
at neighbored sequence positions. In class I, 15 of 16 EFR positions in the MSA relate to
well-mapped positions (i.e. present in >50% of aligned sequences).
Table 7.2.: Comparison of Folding Characteristics and Functional Relevance for Aminoacyl-tRNA
Synthetase Classes
class early ATP aa ATP int. aa int. ATP shift aa shift
class I 16 4 13 0 1 -0.95% -1.87%
class II 10 4 8 0 2 -0.82% 1.22%
26 8 21 0 3 -0.90% -0.39%
ATP refers to the number of ATP binding sites and aa refers to the number of positions realizing
amino acid recognition in any aaRS implementation. The intersection of functional residues in-
volved in ATP and amino acid binding is given. The shift in probability to the expected intersec-
tion is stated. A perfect separation of EFR and functional residues in the sense of ATP binding
positions can be observed. Also, positions relevant for amino acid specificity are remarkably
well-separated from EFR most of the time. The overlap is present in the amino acid recognition
sites in two implementations respectively: TrpRS and TyrRS in class I and AspRS and PylRS in
class II.
In class II, positions 665 and 666 are both functional and predicted to be EFR (Table 7.2).
Again, these positions are not functional in most class II aaRS. Only in AspRS and PylRS they
are observed to bind the amino acid part of the ligand. In agreement with the observation for
aaRS class I, asparagine and pyrrolysine are relatively large ligands which may require EFR
to participate in protein function. 9 of 10 EFR positions are well-mapped in class II. For both
classes, functional positions are well-mapped too. For position 698 of class II a sequence
conservation score of 11 is observed. This position is the N-terminal residue of the Arginine
Tweezers motif which has been demonstrated to depend on the conservation of this amino
acid for ATP binding via salt bridges and π-cation interactions. Like in class I, ATP binding
positions can be found accumulated together at sequence level without any EFR between
them (Figure 7.5). In summary, the position of folding initiation site is preserved in aaRS
despite their large evolutionary divergence. Potentially, aaRS even had influence on the
organization of the genetic code and may have caused a shift in the interpretation of genetic
information. Amino acids handled by class I more often constitute the hydrophobic core of
proteins, whereas amino acids handled by class II are more likely to occur at the interface
to the polar solvent [254].
7.3. CONCLUSION
The structures of the aaRS superfamilies were analyzed. It is shown that the position
of folding initiation sites is preserved over the course of evolution even when the corre-
sponding sequence conservation is small. Folding initiation sites occur in the center of
secondary structure elements, independent of aaRS class. Furthermore, the findings re-
lated to the protozymes of aaRS substantiate that protein function can be considered the
most important aspect of a protein [4] and retaining protein fold may be of subordinate im-
portance [218]. Functional residues (i.e. ATP binding sites consistently shared by all aaRS
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types) exhibit a higher sequence conservation than EFR. EFR and functional residues are
distinct sets of residues when amino acid binding positions are ignored which are only rele-
vant in a small number of implementations. Even when these amino acid binding positions
are considered to be functional in all implementations, the intersection is remarkably small
for class I. In both aaRS superfamilies, EFR are located consistently in the same columns
of the respective MSA which agrees with the observation that this characteristic depends
on the composition of local sequence fragments [11] and is relatively insensitive to inserts.
Regarding the origin of aaRS, the Rodin-Ohno hypothesis states that the peculiar nature
of the two aaRS classes is the result of their respective protozymes [247, 248] being en-
coded on opposite strands of the same gene. Backbone Brackets and Arginine Tweezers
were traced back to these protozymes and their more efficient successors, the urzymes.
Both structural motifs can be observed as pairs of residues in contemporary structures and
it seems that the time of their addition, indicated by their placement in the ancient aaRS,
coincides with the evolutionary trace of proto- and urzymes. The designed approach was
used to analyze aaRS from the different viewpoints: sequence backed by structure infor-
mation, and ligand interactions of essential ligand binding patterns. Additionally, the largest
manually curated dataset of aaRS structures including ligand information available to date
is provided. This can serve as foundation for further research on the essential mechanisms
controlling the molecular information machinery, e.g. investigate the effect and disease im-
plications of mutations on crucial binding site residues as well as evolutionary aspects [2].
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8. CONCLUSION
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This thesis converged on the role of early folding residues in protein structures. Their struc-
tural relevance was assessed by a novel algorithm which universally provides an unmatched
granularity for the interpretation of contact maps and has implications for protein structure
prediction methods.
The StructureDistiller algorithm quantifies the structural relevance of indi-
vidual entries in a contact map.
Results For Question I
Knowledge of the Most Relevant Contacts Increases Reconstruction Fidelity A refer-
ence implementation for the assessment of the structural relevance of individual contacts
is presented. Normally, the role of contacts for structural integrity cannot be assessed be-
cause of their context-specificity: rather their influence depends on complex interplay with
other residues [14, 15]. Experimental data on the influence of certain contacts is sparse.
For cytochrome c is has been observed that a disruption to a hydrogen bond will lead to a
loss of structure, wherein the protein will adopt a molten globule conformation. This contact
connects two Ω-loops and the information is crucial to correctly associate two otherwise
unstructured parts of the protein [178, 179]. The proposed StructureDistiller algorithm cor-
rectly identifies contact information between both Ω-loops to be of outstanding importance
for structural integrity.
Secondary structure information was provided to the reconstruction algorithm, thus im-
plicitly providing information on local hydrogen bonds. This may explain why hydrophobic
interactions are of high structural relevance: they provide information not captured by the
restrictions of the covalently bound chain or secondary structure elements. Knowledge of
the most relevant contacts increases reconstruction fidelity significantly by 0.4 Å. On a more
general note, StructureDistiller allows to interpret contact maps in detail. This may help fur-
ther leveraging contact maps as stepping stone between protein sequence and structure
(Figure 8.1).
StructureDistiller Allows Improved Resilience to False Positive Contacts Contact maps
are highly sensitive to false positive predictions: contacts not present in the native structure
quickly dilute the reconstruction fidelity which can be achieved using a contact map [16, 17].
The combination of the most relevant contacts as identified by StructureDistiller compen-
sates up to 6% of false positive contacts before the reconstruction quality is worse than
that of a random selection of contacts without any false positive contacts. This knowledge
demonstrates that the structural relevance of contacts is not uniform. Rather utilizing knowl-
edge of the most relevant contacts has beneficial effects and should be incorporated into
contact prediction methods [140, 135].
Highly Stable Residues Are of Outstanding Structural Relevance Highly stable residues
resist serious unfolding pressure in the native structure [161]. These residues are assumed
to stabilize secondary structure elements (in contrast to early folding residues which pro-
mote their formation). Highly stable residues were found to exhibit significantly increased
structural relevance scores: when these contacts are deleted from a protein structure, the
protein will likely lose its defined structure. This implies that early folding residues are
needed for the initiation of the folding process, but not necessarily relevant for ensuring
structural integrity. This opens a new avenue for the interpretation of protein structures.
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Figure 8.1.: Insights by Structural Relevance Scores
Contact maps are a valuable link between protein sequence and structure with implications for
protein folding, structure prediction, and structure classification. The presented StructureDis-
tiller algorithm allows to assess the structural relevance of individual contacts in a contact map
and provides a new level of information necessary to interpret them. Knowledge of the most
relevant contacts allows to assess the role of early folding residues and highly stable residues,
improves structure prediction techniques, and provides a novel way to identify the structural
essence of a protein. This last problem was assumed unsolvable a decade ago [14].
Early folding residues in class I aminoacyl-tRNA synthetases occur in an
ancient and widely distributed structural packing motif.
Results For Question II
The Positions of Early Folding Residues Are Preserved over the Course of Evolution
in Aminoacyl-tRNA Synthetases Early folding residues are not annotated experimen-
tally for diverse protein families; however, they can be predicted from protein sequences
with reasonable accuracy [11]. It was demonstrated that even in an evolutionary distant set
of proteins (such as aminoacyl-tRNA synthetases) the predicted positions of early folding
residues are preserved through evolution. Commonly, the center of secondary structure el-
ements constitutes the folding core. Early folding residues occur at positions for which
the amino acid may change over the course of evolution. However, these positions are
not prone to insertions or deletions as indicated by the multiple sequence alignment of
Kaiser et al. [2]. Thus, early folding residues are linked to structurally conserved regions
of proteins, whereas functional residues are commonly embedded in flexible coil regions
which tend to contain inserts. This suggests a separation of functionally and structurally
relevant residues in protein structures. Protein function can be broken down to a small
number of residues with specific characteristics such as reactive hydroxyl groups [25, 221].
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In contrast, key residues for folding initiation and structural stability are caused by the hy-
drophobicity of an amino acid [42, 43, 11]. Several levels of modular characteristics can be
observed in proteins [23, 188, 212]: it is intuitive that functionally and structurally relevant
residues are distinct entities. This would allow to change protein function without compro-
mising the protein fold. This may increase the evolvability and robustness of proteins after
gene duplication events [24]. In particular, this trend may be present in aminoacyl-tRNA
synthetases, although their evolutionary history is still too little understood to draw a final
conclusion. Furthermore, the conservation of folding initiation sites provides an explanation
on how unrelated sequences can adopt a similar fold [5].
Figure 8.2.: Distribution of Early Folding Residues in Aminoacyl-tRNA Synthetases
Two protozymes have been proposed as primordial implementations of aminoacyl-tRNA syn-
thetases [247]. Therein, the position of early folding residues (blue) is conserved despite 4
billion years of evolution: independent of class, early folding residues occur in the center of
secondary structure elements. Functional regions (orange), which bind ATP, occur in unordered
secondary structure elements. Early folding residues are in spatial proximity, the arrangement
in class I resembles an ancient, widely distributed structural packing motif shared by a diverse
set of proteins [269].
The Functionalist Principle in Aminoacyl-tRNA Synthetases Two structural motifs were
identified in the highly diverse superfamilies of aminoacyl-tRNA synthetases, which break
down their ATP binding function to a pair of residues each. Despite the divergent evolution-
ary history, contemporary structures use the structurally conserved Backbone Brackets and
Arginine Tweezers motifs to bind ATP ligands. 81 and 75 non-redundant structures were an-
alyzed for class I and class II, respectively. The primordial protozymes of both classes [247]
imply a structural reductionism as well, because they constitute ancient implementations
which feature a drastically decreased number of residues while still allowing the enzymes
to retain their biological function. The functionalist principle states that the largest evolu-
tionary pressure is imposed on protein function; function is more conserved than structure,
which in turn is more conserved than sequence. In aminoacyl-tRNA synthetases, functional
positions exhibit higher sequence conservation scores than folding initiation sites. In class I,
the arrangement of early folding residues resembles a structural packing motif that has been
identified previously. This motif is assumed to be one of the most ancient and most widely
distributed structural motifs. Interestingly, it can not only be observed in the catalytic core
of class I, but also in the anticodon binding domain of class II as well as in several proteins
of the Rossmanoid family [269].
Hydrogen Bonds Furnish Local Structures – Hydrophobic Interactions Furnish Tertiary
Structure The presented findings imply that the role of hydrogen bonds and hydrophobic
interactions in the context of protein folding cannot be dissected. Hydrogen bonds form lo-
cal structures [40, 41] which drastically limit the number of possible conformations of a pro-
tein. This may accelerate or even be a strict requirement for protein folding [27]. Contrarily,
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hydrophobic interactions furnish tertiary contacts between sequentially separated protein
parts. They seem to impose an intrinsic urge on proteins to collapse to a compact formation,
though additional information is needed for the correct assembly [21]. Hydrogen bonds can
be related to protein function, but the opposite is true for hydrophobic interactions.
Early Folding Residues Are Wired Distinctively by Hydrophobic Interactions Early
folding residues provided by the Start2Fold database [8] were analyzed systematically. They
exhibit several distinct characteristics as demonstrated by network analysis and the Energy
Profiling approach [183]. Interestingly, early folding residues show a significant change (in
a bias-corrected population) compared to functional residues in the dataset. Early folding
residues prefer ordered secondary structure elements, smaller relative accessible surface
area values, and an increased number of hydrophobic interactions. The characteristics of
early folding residues also manifest themselves both in sequence and structure as shown
by the Energy Profiling approach [183], wherein they constitute more stable local conforma-
tions. The application of an interpretable classification model substantiates these findings
despite employing a completely different philosophy to determine the most discrimina-
tive features. Regarding evolutionary information, functional residues show a significant
increase in sequence conservation compared to early folding residues. In consequence,
they are more conserved at the sequence level than average residues but exhibit more
degrees of freedom than functional residues.
Outlook: On Sequence, Structure, and Function in an Evolutionary Context The re-
lation of protein sequence, structure, and function is difficult to assess, but at the heart
of the protein folding problem. Understanding how these aspects are associated – es-
pecially in the context of evolution – makes their connection more tangible. This thesis
demonstrates that a small number of early folding residues initiate the folding process in
proteins; subsequently allowing a small number of functional residues to implement en-
zymatic reactions, bind ligands, or propagate signals. Nevertheless, the complexity of a
protein cannot completely be reduced to specific residue positions because most aspects
are context-specific [29]. Larger sequence fragments are needed to manifest the positions
of early folding residues and functional site may depend on their surroundings to modulate
the binding affinity to a potential ligand or realize structural rearrangements. However, for
the first time it was demonstrated how evolutionary forces act distinctively on the function
and the structure of proteins. Ultimately, the protein sequence is molded by the necessity
for change at these two levels, because it is the only level where change can manifest and
be passed down to ancestors. Understanding how evolution affects structurally and func-
tionally relevant regions of proteins is a necessity to tackle e.g. fast-evolving viruses such
as the human immunodeficiency or hepatitis C virus [26].
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Several git repositories were created to address questions during the project. Most under-
lying source code was made publicly available.
• The eQuant web server can be accessed at:
https://biosciences.hs-mittweida.de/equant/
• Data integration, computation of Energy Profiles, implementation of the StructureDis-
tiller algorithm was realized by a Java library publicly available at:
https://github.com/JonStargaryen/jstructure
• An open-source release and a step-by-step guide for the usage of the GMLVQ plug-in
presented in Chapter 6 is available at:
https://github.com/JonStargaryen/gmlvq
• A persistent release of the GMLVQ plug-in is associated to DOI:
https://doi.org/10.5281/zenodo.1326268
• The compiled StructureDistiller algorithm is associated to DOI:
https://doi.org/10.5281/zenodo.1405369
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